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Abstract

Background: Previous research has developed methods to construct acronym sense inventories
from a single institutional corpus. Although beneficial, a sense inventory constructed from a single
institutional corpus is not generalizable, because acronyms from different geographic regions and
medical specialties vary greatly.

Objective: Develop an automated method to harmonize sense inventories from different regions
and specialties towards the development of a comprehensive inventory.

Methods: The method involves integrating multiple source sense inventories into one centralized
inventory and cross-mapping redundant entries to establish synonymy. To evaluate our method, we
integrated 8 well-known source inventories into one comprehensive inventory (or metathesaurus).
For both the metathesaurus and its sources, we evaluated the coverage of acronyms and their
senses on a corpus of 1 million clinical notes. The corpus came from a different institution, region,
and specialty than the source inventories.

Results: In the evaluation using clinical notes, the metathesaurus demonstrated an acronym
(short form) microcoverage of 94.3%, representing a substantial increase over the two next largest
source inventories, the UMLS LRABR (74.8%) and ADAM (68.0%). The metathesaurus
demonstrated a sense (long form) micro-coverage of 99.6%, again a substantial increase compared
to the UMLS LRABR (82.5%) and ADAM (55.4%).

Conclusions: Given the high coverage, harmonizing acronym sense inventories is a promising
methodology to improve their comprehensiveness. Our method is automated, leverages the
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extensive resources already devoted to developing institution-specific inventories in the United
States, and may help generalize sense inventories to institutions who lack the resources to develop
them. Future work should address quality issues in source inventories and explore additional
approaches to establishing synonymy.
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1. Introduction

In the era of consumer-driven healthcare,! more patients can instantly access their health
records online than ever before.2-5 Millions of patients accessed their personal health
information online last year.2~> Comprehension of this information is challenging for most
patients,6-10 but critical to prevent medical errors,11-16 increase shared decision-making,
17-22 and improve health outcomes.23:24 According to federal policy, hospitals must allow
patients to view, download, and transmittheir own health information.2>:26 As a result, the
percentage of healthcare organizations offering online patient portals increased from 43% in
2013 to 92% in 2015.5:27 Transparency has been hailed as the next “blockbuster drug” and
“healthcare revolution.” Arguably, the most promising form of transparency is giving
patients access to their doctors’ notes. Over 22 million individuals accessed their doctors’
notes in early 2018, a year-over-year increase of more than 120%.28 Access to notes helps
patients take medications as prescribed, be better prepared for future visits, and better
understand their illness conditions,2%-35

However, clinical acronyms and abbreviations currently present a major barrier to patients’
underst a nding of their health records, especially their doctors’ notes.38:37 In a previous
study,3” we determined that acronyms cause more misunderstanding than any other barrier,
including medical terms and health literacy. At our urban academic medical center,
acronyms constituted 30-50% of the words in a typical medicine admission note. In the
most extreme case, a note began with an entire sentence of acronyms: ‘50 y/o f w/hx b/l SO
pw/ LLQP’ (50-year-old female with a history of bilateral salpingo-oophorectomy presents
with left lower quadrant pain). Therefore, it is unsurprising that acronyms cause patients to
misunderstand notes. Patients” misunderstanding may reduce the potential benefits of
transparency, increase miscommunication, decrease satisfaction, increase doctors’ legal
liability, and ultimately harm the patient-doctor relationship.38:39 Because current
interventions show extremely limited ability to improve patient’s comprehension of
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acronyms,0 any advances in the development of universal electronic systems to expand
acronyms should have major clinical significance and far-reaching consequences such as
better shared decision-making and improved health outcomes.

Electronic systems to expand acronyms rely on sense inventories, defined as controlled
vocabularies of acronyms and their meanings (senses). Existing electronic systems currently
have limited power to expand clinical acronyms,? primarily due to the lack of
comprehensiveness (or generalizability) of existing sense inventories.#1=44 For example,
sense inventories such as the Unified Medical Language System (UMLS) LRABR cover
only 35-67% of acronyms found in doctors’ notes.#1:42 Existing sense inventories lack
generalizability because acronyms from different geographic regions and clinical specialties
vary greatly.*> For example, “2/2” (secondary to) is used in almost every clinical note at our
medical center, but is rarely seen outside New York. “FOB” (father of baby) is frequently
used in obstetrics, but not other specialties. Because of this variability, previously-developed
methods have focused primarily on developing institution-specific sense inventories.#>-51
Institution-specific inventories, although beneficial, are labor-intensive to create and may not
generalize well to clinical text from different geographical regions and specialties. Because
of the labor required, developing institution-specific sense inventories at every US healthcare
organization is not feasible, especially without fully automated methods which currently do
not exist.

In this paper, we overcome the limitations of existing sense inventories by developing an
automated methodology to harmonize sense inventories from different regions and
specialties towards the development of a more comprehensive inventory. This work focuses
on two critical questions: (1) can a fully automated method be developed to harmonize sense
inventories? (2) does the method improve the coverage of acronyms and their senses in
unseen clinical texts? Our method involves integrating multiple source sense inventories into
one centralized inventory and cross-mapping redundant entries to establish synonymy. We
hypothesized that a harmonized sense inventory will demonstrate greater generalizability
than its constituent inventories. To test this hypothesis, we constructed one centralized
inventory from 8 well-known source inventories, then evaluated its coverage of acronyms
and their meanings (senses) in clinical notes from an institution unrelated to t he source
inventories. Our method leverages the extensive pre-established resources to developing
institution-specific sense inventories in the United States, and may help generalize sense
inventories to institutions without the resources to develop their own. A comprehensive
inventory is critical for the future development of widely-available software to interpret
medical acronyms for patients across the United States.

2. Methods

2.1. Method for Harmonizing Sense Inventories and Design Considerations

Harmonizing sense inventories is challenging because existing sense inventories have
inconsistent formats, and may include significant redundancies. Inventories like Another
Database of Abbreviations in Medline (ADAM) contain multiple synonymous expansions
for single acronyms.>2 Sense inventories often overlap with each other in content, which
creates further redundancy. Manually resolving this redundancy would be tedious and time
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consuming. Instead, our proposed method seeks to automatically resolve redundancy by
Cross-mapping synonymous senses, circumventing the need for manual curation.

Figure 1 outlines the three main steps in the automated methodology for integrating sense
inventories and crossmapping redundant entries. The full code and description of the method
is located on GitHub.! First, source sense inventories are preprocessed to fit the same
format. Second, source inventories are harmonized and non-semantic identifiers are added.>3
Third, synonymy between equivalent senses is automatically established using MetaMap via
concept identification to form synonymous groups, or groups of synonymous senses.
Establishing synonymy is critical to prevent redundancy and ensure concept-orientation.
53-55 Once generated, the final integrated sense inventory is outputted to a structured
relational database designed to transparently represent source information and relationships
between entries (described in Supplementary Tables 1, 2, and 3).

In designing this method, we sought to emulate successful design principles from existing
endeavors to harmonize biomedical knowledge, such as the UMLS, which combines
multiple biomedical terminologies into a single metathesaurus. First, the method represents
all data in a common format to facilitate computational use. Second, the method preserves
source transparency, such that source information viewed in the new format retains its
original perspective and intent, and all entities can be attributed back to their source.>®
Third, the method uses context-free, non-sematic identifiers, which allows future evolution
of the source and harmonized inventories while preserving meaning once in use.53:57

2.1.1. Step 1. Preprocessing: Instep 1, each source database is processed to fit an
equivalent format. To maintain source transparency, our method preserves all information
present in each source sense inventory. During preprocessing, the short form, long form, and
normalized short form for each acronym is identified from the source. The term short form
(SF) describes the actual acronym (e.g. ‘MS’), while the term /ong form (LF) describes its
spelled-out counterpart (e.g. ‘multiple sclerosis’). To create the normalized short form
(NSF), the short form is converted to uppercase, punctuation is removed, and white space is
removed.

2.1.2. Step 2. Combine and Add Identifiers: In step 2, the preprocessed source sense
inventories are combined into one centralized inventory. Unique identifiers (Uls) are
assigned to each unique normalized short form (NSFUI), short form (SFUI), and long form
(LFUI). Each unique identifier is preceded with one letter to indicate its type (N for
normalized short form, S for short form, and L for long form).

2.1.3. Step 3. Cross-Map Redundant Entries: In step 3, short form / long form
(SF/LF) pairs with the same senses are cross-mapped into syrnonymous groups as follows.
Prior to grouping, long forms are lexically normalized using UMLS lexical variant
generation tools8 and mapped to UMLS concepts using MetaMap.*® Then, a two-step
process is used to group synonymous SF/LF pairs. In the first step, long forms are grouped
based on their semantic meaning. If two long forms map to the same UMLS Concept

1https://github.com/elIiotgmitchelI/cIinical—acronym—metathesaurus
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Unique Identifier (CUI), they are identified as synonymous and grouped together. In the
second step, long forms are grouped based on their character similarity, determined using the
normalized Levenshtein distance metric. Levenshtein distance measures the similarity of two
character strings by counting the number of insertions, deletions, and substitutions required
to change one string to the other. Normalized Levenshtein distance divides the Levenshtein
distance by string length to adjust for differing lengths of comparison strings.>® We
determined the normalized Levenshtein distance threshold for cross-mapping two entries
using an iterative heuristic evaluation with 20 common abbreviations. Based on manual
inspection of the distribution of normalized Levenshtein distances between normalized long
forms, we selected 10 potential thresholds. Then, we manually compared the groupings for
the 20 common abbreviations at each threshold, and evaluated whether synonymous long
forms had grouped together without including non- synonymous terms. Based on this
analysis, we identified 0.30 as the appropriate threshold for normalized Levenshtein
distance.

After identifying synonymous groups, a preferred long form (PLF) is assigned to each
group. The long form that is most similar to all other long forms in the synonymous group is
chosen as the preferred long form, as quantified by having the smallest sum of Levenshtein
distances from all other long forms in the group. Each preferred long form receives one
preferred long form unique identifier (PLFUI), preceded with the letter “P.”

2.1.4. Example: Figure 2 provides an example to illustrate the 3-step automated method,
using the acronym “DNR.” In step 1, short forms (DNR, Dnr, dnr) and long forms
(daunorubicin, do not resuscitate, etc) are identified and equivalent formatting is applied. A
normalized short form, “DNR,” is generated for all short forms, marking them as potentially
related. In step 2, the source sense inventories are combined into one centralized inventory.
Distinct short form and long form unique identifiers are generated. The normalized short
form “DNR” receives only one normalized short form unique identifier. In step 3,
synonymous entries such “DNR, Daunorubicin” and “DNR, Daunomycin” are cross-mapped
and assigned to the same synonymous group. “Daunorubicin” and “Daunomycin” map to the
same UMLS CUI, since Daunorubicin and Daunomycin refer to the same drug. A preferred
long form is selected for each synonymous group and assigned an identifier.

2.2. Evaluation

To evaluate our method, we built a clinical abbreviation and acronym metathesaurus that
integrates eight well- known sense inventories in the US (Table 1 and Table 2), and evaluated
it on 1 million intensive care notes from the MIMIC-111 corpus. 89 MIMIC-III is not related
to any corpora used to construct the source inventories, and is also from a different
geographic region and medical specialty than the source inventories.

2.2.1. Sources: Table 1 identifies the 8 source sense inventories incorporated into the
acronym metathesaurus. (#1) The UMLS LRABR inventory, distributed by the National
Library of Medicine, contains abbreviations and acronyms used to process terms for entry
into the UMLS.61 (#2) Another Database of Abbreviations in Medline (ADAM) contains
abbreviations from titles and abstracts extracted from Medline in 2006.52 (#3) Berman’s
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inventory is a manually-derived database of acronyms and their long forms commonly used
in pathology.

In addition to the UMLS LRABR, ADAM, and Berman, we included several sense
inventories curated from institution-specific clinical corpora, which may include more
clinically-oriented abbreviations. The institution-specific inventories include: (#4, #5) two
inventories automatically derived from notes corpora at \anderbilt University,52 (#6)
Stetson’s manually curated inventory from notes at Columbia University,53 and (#7) a local,
manually-developed sense inventory from the Columbia University Department of
Obstetrics and Gynecology (unpublished). Finally, we included Wikipedia’s list of medical
abbreviations (#8),54 which is updated more frequently than other sources and may contain
newer abbreviations.

2.2.2. Dataset: To perform the evaluation, we used a corpus of clinical notes from the
MIMIC-111 dataset.%9 The corpus includes over 2 million notes from over 40,000 patients
who stayed in intensive care units at Beth Israel Deaconess Medical Center between 2001
and 2012. The corpus vocabulary consists of about 1.8 million words.

2.2.3. Short Form Coverage: Short form coverage measures whether short forms that
appear in the corpus also appear in the acronym metathesaurus. We identified short forms in
the first 1 million notes of MIMIC-I11 (hereby, the corpus) using the Clinical Abbreviation
Recognition and Disambiguation (CARD) framework from Wu and colleagues.*6:4” For
both the metathesaurus and its sources, we calculated:

Macro-coverage (Short Form)

Number of unique short forms in the corpus that match a short form in the metathesaurus
Number of unique short forms in the corpus

Micro-coverage (Short Form) =

Number of short form instances in the corpus that match a short form in the metathesaurus
Number of short form instances in the corpus

2.2.4. Sense Coverage: Sense coverage measures whether the senses of short forms
that appear in the corpus also appear in the acronym metathesaurus. A domain expert (LVG)
manually annotated 60 random instances each for four randomly selected short forms with
1) more than one sense, and 2) more than 60 instances in the corpus. For both the
metathesaurus and its sources, we calculated:

Macro-coverage (Sense) =

Number of unique senses in the gold standard that match a short form in the metathesaurus
Number of unique senses in the gold standard
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Micro-coverage (Sense) =

Number of sense instances in the gold standard that match a short form in the metathesaurus
Number of sense instances in the gold standard

2.2.5. Descriptive Analysis: We conducted descriptive analysis of the acronym
metathesaurus in RStudio (R version 3.3.3), including number of senses per normalized
short form and overlap between source sense inventories.

3. Results

3.1. Evaluation

Table 3 and Figure 3 describe the acronym metathesaurus coverage and compare it with
coverages for source sense inventories. On the MIMIC-I1I clinical notes corpus, the
metathesaurus had a short form macro-coverage of 39% and a short form micro-coverage of
94%. The sense macro-coverage is 91% and the sense micro-coverage is 99.6%. The
complete acronym metathesaurus is located on GitHub.2

3.2. Descriptive Analysis

We discovered 376,270 SF/LF pairs in the source sense inventories, which we grouped into
105,631 synonymous groups. The metathesaurus contains 52,520 unique normalized short
forms (NSFs), with an average 2.01 senses for each NSF. 11,932 NSFs possess more than
one sense, and 414 NSFs possess more than 20 senses (Figure 4). The abbreviation with the
most senses is “PA” (N035050), with 128 unique senses, including physician assistant,
primary amenorrhea, pseudomonas aeruginosa, and psychoanalysis.

Table 4 and Figure 5 describe the degree of overlap between the source sense inventories. On
average, synonymous groups contained SF/LF pairs from 1.32 source sense inventories. Out
of 105,631 synonymous groups, 26,336 contained data from 2 or more sources. Table 4
provides a measure of overlap called the group ratio, defined as the ratio of multiple source
synonymous groups to single source synonymous groups for a source. A higher group ratio
indicates more overlap with other sources. Figure 5 describes how many sources the SF/LF
pairs in each synonymous group come from.

4. Discussion

Our new automated method is promising, and is distinct from the extensive research on the
semi-automated methods that generate institution-specific inventories. The new method of
harmonizing sense inventories offers several advantages over existing methods. First, the
new method builds on the extensive research and resources already devoted to developing
institution-specific sense inventories in the United States. Second, the method can be fully
automated, meaning new sense inventories can be easily incorporated as necessary. This is
critical because clinical acronyms change over time, especially with new drugs and new

2https://github.com/elIiotgmitchelI/cIinical—acronym—metathesaurus
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clinical trials. Third, the method can identify redundancies and synonymy in existing sense
inventories, which may improve their quality. Fourth, the method and metathesaurus are
publicly available, and the method can be used create add-ons to existing sense inventories at
various healthcare institutions.

The acronym metathesaurus demonstrates high generalizability, evidenced by high coverage
of acronyms in MIMIC-III. This is notable because MIMIC-II1 is not related to any corpora
used to construct the source inventories, and is from a different geographic region and
medical specialty than the source inventories. Furthermore, MIMIC- 111 contains real-world
ICU clinical notes of various types that discuss a broad range of patient conditions with
contributions from multiple specialists. As such, high coverage of acronyms in MIMIC-111
indicates our method’s usefulness for developing sense inventories relevant to real-world,
complex natural language processing tasks. We hypothesize that our metathesaurus
demonstrates high coverage because we incorporate sources with high clinical relevance,
such as sense inventories derived from institutional-specific corpora. We also include
Wikipedia, which potentially contains newer and more informal medical abbreviations than
other sources. Unlike prior large sense inventories,* our metathesaurus does not exclude
abbreviations in lower case letters.

Notably, our coverage estimates for the UMLS LRABR and ADAM differ slightly from
previously reported values. Previous estimates place short form micro-coverage at 67% and
sense micro-coverage at 35% for the UMLS LRABR, and 66% and 38% for ADAM.4142 |n
our analysis with MIMIC-111, we found 74.8% short form micro-coverage and 82.5% sense
micro-coverage for the UMLS LRABR, and 68% and 55.5% for ADAM. While our short
form estimates were on par with prior literature, we hypothesize that our sense coverage
estimates are slightly higher because our gold standard is smaller and potentially less varied
than others. In addition, while the acronym metathesaurus performed best, our estimates of
short form macro-coverage were lower than expected, only 38.9% for the metathesaurus and
23.1% for the UMLS LRABR. One possible reason is the CARD framework identified
candidate abbreviations which were not actually abbreviations. The framework’s automation
allowed us to identify short forms in all 1 million notes, at the disadvantage of identifying
potential non-abbreviations such as ‘“lateral/’, ‘lip/chin’, or ‘rythms.” Although the short
form macro-coverage of 38.9% is low, the short form micro-coverage of 94.3% is high,
indicating that the metathesaurus does cover many true abbreviations.

Interestingly, the degree of overlap between source sense inventories is lower than expected.
Only 3 synonymous groups of 105,631 contained entries from all 8 sources. Since overlap
between sources is low, a great improvement in generalizability from integrating sources is
expected. Furthermore, the low degree of overlap supports the hypothesis that source
inventories generated using different methods, from different regions and specialties, contain
different acronyms. Interestingly, the group ratio, which measures overlap between one
source and all other sources, does not appear to correlate with sense coverage. This may be
because a high degree of overlap could have two meanings. First, high overlap may indicate
the source is not comprehensive, as all its entries occur in other sources. Second, high
overlap may indicate the source is very comprehensive, as it contains entries found in many
other sources.
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Given the rapid adoption of electronic health records over the past ten years, an increasing
need exists to interpret abbreviations and acronyms. While the use case of patient-facing
applications drove the development of the acronym metathesaurus, additional applications
include clinical decision support tools, tools to support interoperability across electronic
health records, and teaching tools for medical students and residents. Because many
abbreviations and acronyms possess more than one sense, abbreviation sense disambiguation
is an important task in clinical natural language processing. Abbreviation sense
disambiguation relies heavily on a complete and consistent sense inventory.43

Current semi-automated methods that generate sense inventories for a specific corpus, such
as CARD, will likely perform better for acronym sense disambiguation on that specific
corpus. CARD uses automated extraction and manual annotation to identify the most
relevant senses for a given corpus. However, our method may perform better for acronym
sense disambiguation on unknown or multiple corpora, as in the use case presented in the
Introduction. While our method demonstrated impressive coverage, the volume of possible
senses may add complexity to abbreviation sense disambiguation tasks. More work is
necessary to determine how harmonized sense inventories perform for disambiguation tasks.
We hope the open-source and comprehensive nature of the metathesaurus will facilitate such
work.

4.1. Limitations

The acronym metathesaurus may not perform as well on clinical corpora from a single
specialty or institution compared to an inventory developed on a corpus from that specialty
or institution. Although our results demonstrate that our method is valid and may solve the
problem of generating comprehensive sens e inventories, challenges still exist. Currently, the
method does not address quality issues in source inventories. Future work should also
explore methods for improving the quality of source sense inventories at the time of
integration. Furthermore, MetaMap only identified concepts in about 30% of entries, even
after lexical normalization and optimization, suggesting that clinical named entry
recognition tools like MetaMap alone are insufficient to establish synonymy between all
entries. While the Levenshtein distance cutoff enables automatic creation of synonymous
groups, the cutoff may not properly group all synonymous long forms. Future work should
explore possible additional methods for assigning preferred long form and creating the
synonymous groups, including ways to increase MetaMap performance, and evaluate the
quality of these methods.

5. Conclusion

We developed an automated method to harmonize sense inventories from different regions
and specialties towards the development of a comprehensive inventory. In an evaluation
using clinical notes, an acronym metathesaurus constructed from 8 source sense inventories
demonstrated an acronym (short form) coverage of 94.3% and a sense (long form) coverage
of 99.6%, representing an increase in coverage over well-known sense inventories such as
the UMLS LRABR and ADAM. Harmonizing sense inventories is therefore a promising
methodology to improve their comprehensiveness.
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Highlights

. We devised a method to harmonize acronym and abbreviation sense
inventories

. To evaluate our method, we harmonized 8 existing inventories into one
metathesaurus

. The harmonized sense inventory had a higher coverage of acronyms in
clinical texts

. The harmonized sense inventory was more comprehensive than existing
inventories

. The harmonized sense inventory generalized to another institution’s clinical
texts
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Source
inventory

Centralized inventory
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Centralized inventory
with synonymous groups

SF Short Form
LF Long Form
NSF Normalized Short Form

Source  Source Name

SFUI Short Form Unique Identifier
LFUI Long Form Unique Identifier

NSFUI Normalized Short Form
Unique Identifier

PLF Preferred Long Form

PLFUI Preferred Long Form
Unique Identifier

Step 1. Preprocessing

Transform sources into equivalent
formats, identify short forms, long
forms, and normalized short forms.

Figure 1.

Step 2. Combine and Add Identifiers
Combine the preprocessed sources
into one centralized inventory, and add
unique identifiers (Uls) to all forms.

Automated Method for Harmonizing Sense Inventories
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Step 3. Cross-Map Redundant Entries
Use UMLS CUIs and string similarity

to identify synonymous groups and a
prefered long form for each group.
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Step 1. Preprocessing

Step 2. Combine and Add Identifiers

Normalized Short Form: DNR [NO13686]

Page 15

Step 3. Cross-Map Redundant Entries

Normalized Short Form: DNR [NO13686]

ADAM Short Form  Long Form
DNR do-not-resuscitate
DNR do not resuscitate
DNR not resuscitate
DNR daunorubicin
DNR daunomycin
Dnr daunorubicin
dnr daunorubicin
Berman Short Form  Long Form
dnr do not resuscitate
dnr daunorubicin
UMLS Short Form  Leng Form
LRAEBR DNR digital noise reduction
DNR do-not: order
DNR do-not-resuscitate
DNR do not resuscitate order
DNR do not resuscitate
DNR daunorubicin
DNR diffusion-to-noise ratio
DNR daunorubicin
DNR do-not
DNR dose nonuniformity ratio
DNR dose non-uniformity ratio
Dnr daunorubicin
dnr daunorubicin
UT Health Short Form  Long Form
dnr do not resuscitate
\anderhilt Short Foom  Long Form
DNR do not resuscitate
Wikipedia Short Form  Long Form
DNR do not resuscitate
Figure 2.

PLFUI PLF

PO0O004 daunorubicin

PO0000S do not resuscitate
PO0000E diffusion-to-noise ratio
POO0OOT digital noise reduction
POO0O00OB dose nonuniformity ratio

SFUI 5F LFUI LF

5018267 DNR LO63893  do-not-resuscitate
5018267 DNR  LOO0003  donot

S018267 DNR  L109767  not resuscitate
5018267 DNR LO59961 daunorubicin

5018267 DNR  L059958  daunomycin

S018267 DNR  L062493  digital noise reduction
5018267 DNR LO63894  do-not-resuscitate order
S018267 DNR LO63891 do not ¥ order
S018267 DNR  L0O63890  donot

5018267 DNR LO62417  diffusion-to-noise ratio
5018267 DNR LO64285 dose nonuniformity ratio
5018267 DNR L064284  dose non-uniformity ratio
5019150 Dnr LO59961  daunorubicin

S079540  dnr L059961  daunorubicin

5079540 dnr L063890 do not resuscitate

Example Harmonization of the Acronym “DNR”
Abbreviations: SF, Short Form; LF, Long Form; SFUI, Short Form Unique Identifier; LFUI,
Long Form Unique Identifier; PLF, Preferred Long Form; PLFUI, Preferred Long Form

u

nique Identifier.
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Figure 3.
Coverage of the Metathesaurus, UMLS LRABR, and ADAM
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Number of Sources

1 79,295
2
3
4
5
6 |206
7 |147
8 |3
Frequency of Synonymous Groups
containing that number of sources
Figure 5.

Number of Sources Represented Within Synonymous Groups
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Table 1.

Source Sense Inventories Incorporated into the Metathesaurus

No.  Source

1 Unified Medical Language System (UMLS) abbreviations and acronyms inventory, LRABR®!

2 Another Database of Abbreviations in Medline (ADAM)%2

3 Berman’s 12000 pathology abbreviations®®

4 Sense inventories derived from a corpus of discharge notes at Vanderbilt University®2

5 Sense inventories derived from a corpus of sign-out notes at Vanderbilt University®2

6 Stetson’s manually-curated sense inventory from sign-out notes at Columbia University53

7 A locally-developed sense inventory from obstetrics and gynecology notes at Columbia University
8 Wikipedia’s list of medical abbreviations®*
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Table 2.

Statistics for Source Sense Inventories
No. Source Last updated SF/LF pairs Unique SFs  Unique LFs
1 UMLS LRABR 2018 261389 64370 117615
2 ADAM 2007 94657 42465 54057
3 Berman 2004 12084 7546 11156
4 Vanderbilt Discharge Summaries 2013 2090 1690 1281
5 Vanderbilt Clinical Notes 2013 2414 1929 1412
6 Stetson 2002 765 448 671
7 Columbia OBGYN 2018 219 217 212
8 Wikipedia 2018 2652 2259 2523

Abbreviations: SF, short form; LF, long form.

J Biomed Inform. Author manuscript; available in PMC 2019 December 01.

Page 20



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Grossman et al.

Table 3.

Coverage of the Metathesaurus and its Source Sense Inventories

Short Form Coverage (%)

Sense Coverage (%)

Sense Inventory Macro Micro Macro Micro
Metathesaurus 38.9 94.3 90.9 99.6
UMLS LRABR 231 74.8 54.5 825
ADAM 28.6 68.0 36.4 55.4
Berman 8.9 25.4 455 66.3
Vanderbilt Discharge Summaries 5.8 67.3 72.7 91.3
Vanderbilt Clinical Notes 6.4 67.9 2.7 90.8
Stetson 1.6 19.2 63.6 74.6
Columbia OBGYN 0.7 18 0.0 0.0
Wikipedia 6.7 50.2 27.3 53.3
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Table 4.

Group Ratio for Source Sense Inventories

Source Sense Inventory Group Ratio
UMLS LRABR 0.521
ADAM 0.900
Berman 2.012
Stetson 2.621
Columbia OBGYN 2.944
Wikipedia 3.301
Vanderbilt Clinical Notes 3.497

Vanderbilt Discharge Summaries  3.611
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