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Abstract—Earth science metadata keyword assignment is a
challenging problem. Dataset curators select appropriate keywords from the Global Change Master Directory (GCMD) set
of keywords. The keywords are integral part of search and
discovery of these datasets. Hence, selection of keywords are
crucial in increasing the discoverability of datasets. Utilizing
machine learning techniques, we provide users with automated
keyword suggestions as an improved approach to complement
manual selection. We trained a machine learning model that
leverages the semantic embedding ability of Word2Vec models to
process abstracts and suggest relevant keywords. A user interface
tool we built to assist data curators in assignment of such
keywords is also described.
Index Terms—Word2Vec, Natural Language Processing, Keyword Classification, Machine Learning, Neural Network, Classifier.

I. I NTRODUCTION
NASA’s growing collection of Earth science datasets are
described by metadata records stored in a catalog called
the Common Metadata Repository (CMR) [1]. The CMR
leverages the Global Change Mastery Directory (GCMD) [2]
science keyword taxonomy, which is a hierarchical set of
controlled Earth science keywords. GCMD Keywords are used
to help ensure Earth science data, services, and variables
are described in a consistent and comprehensive manner [3].
These science keywords are manually assigned to datasets
using data providers’ and curators’ knowledge of the dataset
abstracts present in their respective metadata records. This
process involves a team of people assigning these keywords
to the metadata record with the best of their knowledge about
the data. Assigning keywords manually is labor intensive and
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is prone to human error and inconsistencies. Thus, the error
and inconsistencies propagate into the search and discovery
of these datasets. Because the science keywords are vital to
data discovery, there is a need for a reliable way to assign
keywords to dataset.
Our proposed solution to this problem is leveraging machine
learning to accurately assign science keywords to datasets in an
automated, objective, and consistent manner. We developed a
keyword classifier that takes word embeddings of the abstracts
as input. The results of the classifier are suggested keywords
along with their probability scores. Word2Vec embedding was
built from the science corpus that captures linguistic and
domain-specific relationships between words in the corpus.
Our implementation was trained on a corpus of 21,318 Earth
science related journal articles. We also built a web-tool that
takes an abstract as input and returns relevant GCMD science
keywords and accuracy metrics. Users can provide feedback
on the model by indicating whether the assigned keywords are
correct or incorrect. monitor Our main contributions from this
work are as follows:
•

•

A web-tool that Subject Matter Experts (SMEs) can use
and tag their datasets with appropriate keywords in a
more robust and automated way.
A domain-specific word embedding model that performs
better than universal word embedding models on classification tasks related to Earth science domain.

The rest of the paper is organised as follows: the next
section (II) provides background on various methods used in
this paper. Section III discusses motivations and related work
for the paper. We outline our methodology in section IV and
compare classification results from different word embeddings
in section V. We then briefly talk about our web-tool in section
VI. Finally, we conclude the paper in section VII and discuss

future work in section VIII.
II. BACKGROUND
A. Artificial Neural Networks
Artificial Neural Networks (ANN) are computing systems
whose structure and function are modeled after the neurons in
a biological brain. They consist of three main layers: input,
hidden, and output. The layers are sequentially connected.
Each layer has multiple neurons that takes in input from previous layer. It activates the inputs by aggregating and transforming them using activation functions. The difference (Error)
between activations from the output layer and expected output
is calculated. This Error is minimized iteratively by updating
weights between layers in the network. This is done using
Backpropogation [4].
B. Word2Vec and Word Embeddings
Word2Vec [5] is a two-layer neural network used to construct vector representations of words called word embeddings
from text. Word embeddings are shown [6] to break down
words into latent variables, each of them capturing hidden
relationships present in the corpus, as shown in Fig. 1. The
two word representation methods commonly used to train
Word2Vec are as follows:
1) Skip Gram: Predicts source context words from target
words. Skip Gram works well with small amounts of data and
performs well on rare words.
2) Common Bag of Words (CBOW): Predicts target words
from source context words. CBOW is faster than Skip Gram
and performs well for more frequent words.

with similar latent embeddings. Furthermore, they employed
two feature selection methods: lexicon-based, to find words
similar to words representing sentiments (using Word2Vec)
and parts-of-speech based, to contrast and model sentiments
represented by adverbs, verbs and adjectives compared to
using just adjectives. Finally, an SVM classifier was used to
classify the selected features into user sentiments.
In our work, we employed a similar approach to the aforementioned methods, except in our case, we trained an Earth
science specific Word2Vec, here after referenced as ES2Vec
(discussed in section IV-C). We used ES2Vec to obtain word
embeddings for abstracts. The embeddings are used as input
to a neural network, which was trained to assign relevant
keywords to abstracts. we also built a web service for users
to enter abstracts of Earth science data and obtain relevant
keywords using the aforementioned method.
IV. M ETHODOLOGY
The methodology section is organised as follows: In Subsection IV-A, We explain our training and inference workflow.
The training data used for our work is detailed in subsection
IV-B. Subsection IV-C discusses ES2Vec in further detail
and subsection IV-D elaborates on the fully connected neural
network used.
A. Workflow
The workflow of our proposed system is shown in Fig. 2.
It is broadly divided into two phases:
1) Training Phase: Abstracts for datasets and their respective human-tagged keywords were obtained from NASA
Distributed Active Archive Centers (DAACs). The abstracts
were converted to word embeddings using ES2Vec (Sec. IV-C)
and the keywords were converted into one-hot vectors. A
classifier was trained to map the word embeddings to the (onehot) keyword space.
2) Inference Phase: New abstracts were embedded using
ES2Vec (Sec. IV-C) and passed as input to the classifier.
The one-hot keyword outputs from the neural network were
converted back to their respective text format and presented
to the user.

Fig. 1. Word Embedding Illustration

B. Training Data
III. R ELATED W ORK
Using word embeddings from Word2Vec as an input embedding layer for classification tasks has been explored in
numerous previous works. In 2014, Kim et. al. [7] showed
that a 1-dimensional Convolutional Neural Network (CNN)
that uses word embeddings from a pre-trained Word2Vec as
input can perform well on multiple benchmarks. This suggests
that the word embeddings are universal feature extractors
and can be used for various classification tasks. Zhang et.
al. [8] successfully classified user sentiment using Word2Vec
to embed user comments from e-commerce websites and a
variation of Support Vector Machine (SVM) as a classifier. To
do that, they applied Word2Vec for clustering English words

1) Input: The input data are text abstract fields for datasets
from three of the NASA Distributed Active Archive Centers
(DAACs). Abstracts were cleaned using the following methods:
• Stopword Removal
• Stemming
• Tokenization with Phrase Retention
The first two cleaning methods are widely used in Natural
Language Processing (NLP). There are several commonly used
phrases in the Earth science domain and breaking them down
into component words can lead to potential loss of context.
To make sure that the phrases have word embeddings of
their own, we used tokenization with phrase retention. The

called ES2Vec. It was trained using only Earth science vocabulary to perform a highly domain-specific keyword classification task. The source for the Earth science vocabulary
is the 21,318 Earth science journals obtained from American
Geophysical Union (AGU). The corpus was cleaned using
methods discussed in Sec. IV-B1. We trained two Word2Vec
models, with 150 and 300 as the embedding size respectively.
Both the models were trained using the same aforementioned
corpus. The corpus consisted of 115M words in which about
500k of them constitute the unique vocabulary set. We used
gensim [13] Continuous Bag of Words (CBOW) model to train
the Word2Vec, with window size of 10.
D. Neural Network Classifier

Fig. 2. GCMD Keyword Classification tool - Training/Inference Workflow

list of phrases prevalent in the Earth science fields were collected from Earth-science specific ontologies such as Semantic
Web for Earth and Environmental Terminology SWEET [9],
American Meteorological Society (AMS) Glossary [10], and
GCMD Keywords [2] and added to the existing words in the
vocabulary.
2) Labels: The output labels for abstracts are humanassigned Earth science keywords. The keywords for all the
available abstracts (with frequency of occurrence ≥ 5) were
collected and a unique set of keywords were formed. This
unique keyword set (274 unique keywords) was used to index
keywords and obtain their respective one-hot encodings, as
illustrated in Fig. 3.

Our proposed neural network consists of 4 fully connected
layers. The input to the network is the average of word
embeddings of all the words present in an input abstract. Each
of the nodes was activated by a Rectified Linear Unit (ReLU)
[14] activation function. Each layer is followed by Dropouts
[15], to improve the generalizability of the model by implicitly
taking a weighted average of multiple similar models. The
output of the model is the one-hot encoded keyword vector
discussed in section IV-B2. The architecture of the model is
illustrated in Fig. 4.

Fig. 4. Network Architecture

Fig. 3. One-hot encoding of keywords

1) Training: This model uses an Adam (Adaptive Moment
Estimation) [16] optimizer, a variation of stochastic gradient
descent [17] by using moving average of the gradient in order
to update the model’s weights to achieve optimal values. We
use binary cross-entropy loss function (L) (Shown in Equation
1), to measure the performance of the classification model.

C. ES2Vec: Earth Science Specific Word Embeddings
Ghosh et al. [11] showed that a domain-specific word
embedding model built using a disease based vocabulary
outperformed other universal embedding models in capturing
disease related taxonomy attributes. Sarma et. al [12] proposed
a method that uses domain adapted embedding, a combination
of universal embedding and domain specific embedding to
perform sentiment classification tasks. We used these works
as motivations to develop a highly domain-specific Word2Vec

L=

274
X

−yc log(pc ) + (1 − yc )log(1 − pc )

c=1

Where,
L = Loss Function
c = class index
yc = cth target keyword
pc = cth predicted keyword

(1)

Adam finds the parameter values that minimizes the
loss function L. The model was trained iteratively, and
for every iteration, the weights are updated such that their
contribution to loss function L is reduced. This model was
trained on 2078 samples and validated on 520 samples. The
model continuously trains until there was no decrease in
validation loss for 10 consecutive epochs and the snapshot
of the model configuration (model weights) at its lowest
validation loss among all the epochs was chosen as the final
model.
E. Accuracy Metric

Word2Vec model

Accuracy score is defined as the fraction of the number of
keywords correctly predicted over the total number of assigned
keywords, as shown in Eq. (2). The threshold represents the
confidence of the model in assigning a keyword to given text.
For our experiments, we empirically chose threshold = 0.15.

score =

n
X

fasttext-wiki-news-subwords-300
This Word2Vec was trained using text from wikipedia
articles from the year 2017, combined with text from
UMBC webbase corpus [20] and news data from
statmg.org, a website dedicated for statistical translation
of human languages [21]. The embedding dimension of
this model is 300.
The performance of the models were evaluated using the
accuracy metric described in section IV-E for 520 validation
samples. The results are given in Table I.
•

[xi ≥ threshold] ∗ X/

n
X

i=1

X

(2)

i=1

Where,
n = total number of keywords
xi = predicted probability of keyword at ith index
X = target one-hot keyword vector
V. R ESULTS
To highlight the effectiveness of ES2Vec in performing
domain-specific tasks, we trained multiple keyword classification models, each differing only by the Word2Vec model
used for word embedding. All other parameters, including the
number of nodes and layers of the fully connected neural
network were kept unchanged. For comparison, the embedding
weights were fixed and rest of the weights of the model were
trained freely. The universal word embedding models used to
compare our ES2Vec model are listed as follows:
• glove-twitter-25, glove-twitter-50, glove-twitter-200,
glove-wiki-gigaword-100
GloVe (Global Vectors for Word Representation) [18] is
an unsupervised algorithm which uses statistics based
on word-word co-occurences in text for obtaining word
embeddings. The vector representations obtained from
GloVe has tendency to capture interesting linear relationships between words. For this experiment, we used
four different versions of GloVe. The first three were
trained on twitter corpus with 25, 50, and 200 embedding
dimensions respectively. The fourth model was trained on
text from Wikipedia articles published for the year 2014
and fifth edition of english Gigaword [19].
• Word2Vec-google-news-300
These are pre-trained word vectors based on [6] and
obtained from Google news articles containing about 150
Billion words. The model contains a total of 300M words
embedded into 300 word vectors.

glove-twitter-25
glove-twitter-50
glove-twitter-200
fasttext-wiki-newssubwords-300
Word2Vec-googlenews-300
glove-wikigigaword-100
ES2Vec-150
ES2Vec-300

Embedding
size
25
50
200
300

Vocabulary
size
1.2M
1.2M
1.2M
1M

No. of
Tokens
27B
27B
27B
16B

300

3M

100B

0.714

100

400k

6B

0.728

150
300

500k
500k

115M
115M

0.786
0.794

Accuracy
0.596
0.657
0.679
0.713

TABLE I
W ORD 2V EC MODEL PERFORMANCE FOR KEYWORD CLASSIFICATION
TASK

From Table I, It is shown that our domain specific embedding model ES2Vec outperformed other universal embedding
models in the highly domain-specific keyword classification
task presented in this paper. Subjectively, it is also observed that the universal embeddings with higher chances of
having science-related embeddings (e.g. glove-wiki-gigaword100) performs better than the ones having lower chance of
having science-related embeddings (e.g. glove-twiter-25). It is
noteworthy that both the versions of ES2Vec performs better
than other models, while using significantly fewer number of
tokens and comparable vocabulary size. This indicates avenue
for more performance improvements by adding more data to
the corpus.
VI. W EB A PPLICATION
One of the primary design goals of developing this model
was to give the SMEs a more objective way of assigning
science keywords to abstracts in metadata records. An elegant
method to accomplish this task is through a simple interface
where the SME inputs their abstract text, and immediately
gets back relevant keywords for the abstract classified by the
model. We built the GCMD Keyword Classification Tool to
precisely fulfill this design requirement.
A. GCMD Keyword Classification Tool
The GCMD Keyword Classification Tool is a web application built on top of the ES2Vec classifier to suggest science
keywords from an input abstract. This tool accepts two types
of input:
1) Free-form text: Where the user would type or paste their
abstract into the description field.

VII. C ONCLUSION
In this paper, we have presented a domain-specific word
embedding model that performs better than universal word embedding models on classification tasks related to Earth science
domain. In addition, a web-tool that uses the aforementioned
embedding to assign keywords to datasets is presented. The results show that domain constrained Word2Vec performs better
than universal embedding for specific use cases. This resulted
in SMEs assigning science keywords that were consistent and
more relevant to the dataset. We found it to be difficult to
construct domain specific corpus.
VIII. F UTURE W ORK
Some of the tasks planned as future work are as follows: (1)
enrich ES2Vec model by increasing both the size of vocabulary
and the number of tokens with addition of more Earth science
related articles (including news sources) to the corpus, (2) train
the word embedding weights along with classifier weights and
analyse performance of the classifier, (3) as shown in Sarma
et. al [12], investigate ways to incorporate generic embeddings
along with ES2Vec to potentially improve accuracy of the
model.
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