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Abstract
The supply of minerals is important to the world's major and emerging industrial economies. Over time,
the supply of these minerals has been a concern to the US (United States) government. This led to
Executive Order 13817 of 2017 which outline minerals that are critical to the US economy and national
security. The US Geological Survey (USGS) executes the order to ensure a constant supply of critical
minerals. Despite the US government and other state agencies' steps to define and review the critical
mineral list yearly, there has not been any published list by academia on what they describe as critical
minerals. The objectives of this study are to identify the trends in critical minerals using research
publications and reveal the knowledge gap between academia and the government-published literature.
Text mining will be used as a tool to achieve the set objectives in this publication. Thirty-one articles were
obtained for this research which was sampled at random from publications from 2008 to 2020 using
“Critical minerals” as the keyword. Our results show Helium and Iron Ore carried no supply risk, and
unsurprisingly were not found in the research articles. Gold, however, also carried no risk, but still carried
weight in the research discussions.
Keywords: Critical minerals, Text mining

Introduction
Critical minerals are defined as mineral materials essential to the economic and national security of the
United States and are subject to the risk of disruption of supply (NRC, 2008). There are about 54 minerals
published by the US government Critical in 2018. These minerals are deemed critical because of their
associated supply risk which may be due to trade policies, geopolitical issues, geological scarcity, and other
factors. The U.S (United States) (United States). government and other state agencies define and review the
critical mineral list yearly. Despite numerous research conducted by the government which is focused on
critical minerals, there has not been any published list by academia on what they describe as critical
minerals. This work is an attempt to reveal the knowledge gap between academic publishing literature and
government research on critical minerals using the text mining approach.
Fortier et al. 2019 conducted an analysis of the US critical minerals list according to USGS. They employed
quantitative criteria to measure the country's concentration of production, and net import reliance. From the
data, they produced a list of minerals and their supply risk. The list of minerals and their supply risk form
the basis of our study.
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Text mining is defined as the automatic retrieval of information from various written resources by a
computer of new and or previously unknown information (Hearst, 2003). The text mining approach has
been used by Russian scientists to analyze trends in Russia’s extractive industry (Gokhberg et. al 2020).
The authors used a combination of expert-based foresight activities as well as statistical analyses with text
mining techniques (machine learning and artificial intelligence) to report on large-scale technologies.
Emphasis was placed on the technological advancement of industries that exploit natural resources (rare
earth metals, phosphate) and hydrocarbons. (Tugrul, et al., 2009) reiterate that the widely used foresight
method with expert panels is the Delphi method. However, as difficulties arise with information
accessibilities, complex methods specifically used for scanning strategic intelligence are being developed.
A similar study conducted by (Kim et al., 2018) used text mining to analyze trends in the field of medical
informatics. The authors extracted articles from the PubMed archives. They performed cluster analysis on
the papers to group commonly occurring, nontrivial words, based upon common topics. They were able to
create word clouds showing terms in each cluster with size varying by weight of the term. They also created
line graphs showing the number of times words surfaced in literature for each cluster over time as the
articles were published.
The objective of this research is to: (i) determine the current trend of critical minerals from peer-reviewed
journal articles, (ii) cluster these identified critical minerals using the supply risk weight stipulated by the
USGS, and (iii) compare the weights to a term frequency weight.
Data used in this research was acquired from articles from scholarly literature repositories such as Scopus,
Google Scholar, and Google search engine. “Critical minerals” was used as the keyword to retrieve the
articles for text mining. Thirty-one articles were obtained for the research. These articles were sampled at
random but constricted to publications from 2008 to 2020. The acquired data were pre-processed using the
term frequencies (TF) of the minerals. The minerals in the papers were extracted and a word cloud was
produced from them. The 54 minerals that are ranked by the USGS used in this paper from the highest risk
to the lowest risk are:
“Gallium, Niobium, Cobalt, Neodymium, Ruthenium, Rhodium, Dysprosium, Aluminum, Fluorspar,
Platinum, Iridium, Praseodymium, Cerium, Lanthanum, Bismuth, Yttrium, Antimony, Tantalum, Hafnium,
Tungsten, Vanadium, Tin, Magnesium, Germanium, Palladium, Titanium, Zinc, Graphite, Chromium,
Arsenic, Barite, Indium, Samarium, Manganese, Lithium, Tellurium, Lead, Potash, Strontium, Rhenium,
Nickel, Copper, Beryllium, Feldspar, Phosphate, Silver, Mica, Selenium, Cadmium, Zirconium,
Molybdenum, Gold, Helium, Iron Ore”.
Using the term-frequency matrix data, four clusters were identified using the weights assigned to critical
minerals by the USGS which are minerals with high supply risk.

Methodology
This part of the paper provides a detailed account of data acquisition, preprocessing of data, data
exploration, and application of text mining techniques.
Data acquisition and preprocessing
Articles from scholarly literature repositories such as Scopus, Google Scholar, and google search engine
were manually collated. Keywords such as “critical minerals,” “mining,” and “United States” were used as
search parameters to retrieve the articles for text mining. Thirty-one articles were obtained for the research.
These articles were sampled at random but constricted to publications from 2008 to 2020. The year 2008
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was chosen as the beginning year since the United State Geological Survey started recognizing critical
minerals around the same year.
One of the prime objectives of this project was to identify the trends in critical minerals using research
publications. Initially, the researchers decided to use only the introductory part of the articles identified.
But upon consultation, they decided to use three main parts of the articles which were: (i) abstract, (ii)
introduction, and (iii) result and discussion. These parts of the article were transferred from these
repositories into an Excel file to be analyzed in python and SAS Enterprise Miner.
Text mining method
The act of discovering knowledge from vast amounts of unstructured data sources using a semi-automated
pattern extracting process is deemed as text mining (Delen, 2014). Text mining is intently associated with
data mining making use of identical processes, however, the input to a text mining system is a series of
unstructured textual content files like Extensible Markup Language files, and Portable Document Format
files, just to mention a few. The advantages of text mining are in fields that engender big data. Typical areas
include marketing, social media, engineering, and health.
Text mining process
A standardized process, such as CRoss Industry Standard Process for Data Mining (CRISP-DM), used by
many data scientists was adopted for this research. CRISP-DM possesses six phases that make up the life
cycle of data science. These phases provide answers to typically asked questions to produce a good
scientific result. Typical questions asked under each phase are listed below:
• Business understanding – What does the business need?
• Data understanding – What data do we have or need? How clean is that data?
• Data Preparation – How do we organize the data for modeling?
• Evaluation – What model best meets the business objectives?
• Deployment – How do stakeholders access the result?

Figure 1: Diagram of CRISP-DM used as data science life cycle (Alliance, 2021)
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Figure 1 represents the six phases of data mining. However, in text-mining, these six phases could be
simplified into three main phases which are: (i) Corpus creation, (ii) data pre-processing, and, (iii)
Knowledge recognition. These phases were adopted from Kim and Delen’s research (Kim & Delen, 2018)
as shown in Figure 2.

Figure 2: Modified CRISP-DM for text mining showing three phases (Kim & Delen, 2018)

Corpus creation
In this phase, documents found to be related to the research context were gathered. This was done by
retrieving the abstract, introduction, and the result portions of all identified articles into a spreadsheet
(shown in figure 3). In the spreadsheet, five columns represent the authors, year of publication, abstract of
the article, the introduction of the article, and finally, the results and discussion section of the articles. The
rows, however, represent each collected article. The format of textual data was ASCII for ease of
processing.

Data pre-processing
In this phase, the final output was the term-frequency (TF) of minerals. There were preliminary procedures
executed to arrive at the output mentioned above. The first task was to eliminate the stop words. These
words are normal everyday English words that do not have any significance in the documents. The second
task was to explore the data. This was done to establish the context of the data. Especially, knowing if the
corpus created has the right information needed for the research. A word cloud of all abstracts, introduction,
and result columns in the corpus was created for that purpose. The third task was lemmatization or
stemming. This task was for the purposed of reducing the terms or words to a simplified form. The process
was executed using a python script. To identify all the key terms relevant for this research, researchers
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performed filtration using what they called a critical minerals list table. This table contains the list of
minerals (terms) needed for the research. After filtration, the frequency of terms (minerals) was obtained
and exported in a spreadsheet. Figure 4 illustrates the word cloud generated to validate the context of the
articles and step ‘A’ in figure 5 illustrated the python script used.

Figure 3: A snippet of articles compiled in excel

Figure 4: Word cloud used to validate the context of the article in the corpus
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Figure 5: Illustrate python scripts used in performing the analysis in chronological order

Knowledge recognition
This phase was the critical part of the research. Being able to identify patterns in data needs an adequate
data/text mining skill set. Using the term-frequency matrix data, four clusters were identified using the
weights assigned to critical minerals by the USGS which are minerals with high supply risk. These weights
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were separated to have an upper and lower bound making up four groups shown in table 1 below. A python
script was generated based on these bound to cluster the minerals.
Table 1: Clusters generated from critical minerals weights for high-risk supply

Cluster
Extremely High
High
Moderate
Low

Lower Bound
0.56
0.48
0.36
0

Upper Bound
0.67
0.55
0.47
0.34

Total CML
14
13
14
13

Figure 6: Illustrate the Python code snippet used in clustering minerals based on table 1.

Results
As the United States Geological Survey (USGS) has created a list of minerals that are considered “critical,”
it was natural to note the appearance of each of those minerals within the corpus.
The frequency of each mineral was collected across each section and combined. Once the frequency was
established, the USGS supply risk weights were applied to each mineral to create a “score.” These scores
were derived by dividing individual frequencies by the total frequency and multiplying by ten. These scores
represent a quantitative figure for the level of research discussion around a particular mineral. A
visualization of these metrics by risk category can be seen in figures 7 and 8 as well as prominent minerals
in each category or cluster.
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Figure 7: Number of critical minerals mentioned in each section of the corpus

Figure 8: Frequency by Category
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Figure 9: Weighted Score by Category

From this, the research discussion associated with each risk category can be approximated. The next step
in comparison was to find the weight of each mineral as it appears in the corpus. This is illustrated in Figure
10 alongside the supply risk scores assigned by USGS.

Discussion
Based on Figure 10, the level of discussion surrounding each mineral on the critical mineral list varies.
Iridium, Praseodymium, and cerium fall under the extremely high-risk category according to the USGS
ranking but they are not discussed as much as Copper and Gold which fell under the low-risk category.
Figure 10 also shows that academic research and economic research on critical minerals do not correlate
based on the importance of the mineral commodity. This might be because the minerals have not been
Primary Commodities and that is not a primary driver for developing a mine. Gold and copper are primary
commodities that usually occur with other by-products such as primary sulphide mineralization (Fortier et
al. 2019). Although Critical minerals can be either primary commodities, coproducts, or byproduct
commodities based on the commodity and the mineral deposit type. Critical minerals such as rare earth
elements, beryllium, antimony, and lithium are usually produced as primary commodities (Fortier et al.
2019). Our results confirm that these minerals are been talked about in academic literature as well. Helium
and Iron Ore carried no supply risk and unsurprisingly were minimal in the research articles surrounding.

Conclusion
This study serves as a starting point for further research into the field of critical minerals. Minerals which
are part of higher risk categories are the most pressing to research from an economic and strategic
perspective. Additionally, minerals that have a lower presence in research literature compared to their
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supply risk may also warrant further study. To conduct further exploration of the corpus which has been
gathered in this study. The goal is to identify underlying relationships between concepts found in the
research. In a nutshell, this research brings to light the current research focus in academia on the USGSestablished critical minerals. This validates the need for more probing into critical minerals that have more
significance based on their weight allotted by USGS.

Figure 10: Mineral term weight in corpus compared to USGS supply risk weight
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