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Abstract
With fourteen million publication records the PubMed database is one of the largest repositories in medical science. Analyzing
this database to relate biological targets to diseases is an important task in pharmaceutical research. We developed a software
tool, MeSHTreelndexer, for indexing the PubMed medical literature with disease terms. The disease terms were taken
from the Medical Subject Heading (MeSH) Terms compiled by the National Institutes of Health (NIH) of the US. In a first
semi-automatic step we identified about 5’900 terms as disease related. The MeSH terms contain so-called entry points that
are synonymously used for the terms. We created an inverted index for these 5’900 MeSH terms and their 58’000 entry points.
From the PubMed database fourteen million publication records were stored in Lucene. These publication records were
tagged by the inverted MeSH term index. In this contribution we demonstrate that our approach provided a significant higher
enrichment in MeSH terms than the indexing of the PubMed records by the NIH themselves. Manual control proved that our

enrichment is meaningful.
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1. Introduction

The starting point for drug discovery is to find a new
biological target to cure a disease. As always in drug
discovery, first step is analysing the related medical
literature. Therefore, searching the medical literature
for diseases is a common task. Searching the life sci-
ence literature for diseases belongs in the category of
biomedical named entity recognition. With the in-
creasing amount of information the interest in index-
ing biomedical information becomes of more and more
interest. The largest repository for medical literature
is provided by the National Institutes of Health (NIH)
of the US (NIH, 2022b). In January 2022 the PubMed
database contained 33 million records for biomedical
literature compiled from MEDLINE, life science jour-
nals, and online books. For searching and indexing
the medical records in PubMed the NIH developed a
thesaurus, the Medical Subject Headings (NIH, 2022}
Lipscomb, 2000). These MeSH terms are organized
in a tree with 16 main branches. Branch A contains
terms from anatomy, branch B lists organisms, branch
C is dedicated to diseases, branch D lists chemicals
and drugs, branch E structures analytical diagnostic
and therapeutic techniques, and branch F organizes
terms from psychiatry and psychology. The follow-
ing branches contain terms from phenomena and pro-
cesses (G), disciplines and occupations (H), anthro-
pology (I), technology (J), humanities (K), informa-
tion science (L), named groups (M), health care (N),
publication characteristics (V), and geographicals (Z).
For medical literature other indexing systems exist as
well. Widely used is SNOMED, a collection of clin-
ical terminology to represent patient data for clinical
purposes (Ruch et al., 2008). Health insurances use
a disease classification system ‘International Classifi-

cation of Diseases (ICD)’, version 11 (World Health
Organization, 2016). However, neither SNOMED nor
ICD were intended to capture content of scientific lit-
erature. The MeSH terms were derived from the sci-
entific literature in life sciences. The NIH index semi-
automatically the PUBMED records with MeSH terms.
Manual annotation processes are labour-intensive. It is
a fact that the indexing is delayed and incomplete be-
cause of the amount of publications in life sciences and
limited resources (Hadfield, 2020; [Irwin and Rackham,
2017).

2. Related work

Because of the high importance for research in life
science, automatic indexing systems for MeSH terms
were developed. They can be classified into three
categories: 1) pattern matching, 2) text classification,
3) learning-to-rank. From all software tools to be
named, MetaMap (Aronson and Lang, 2010) was de-
veloped first by the US National Library of Medicine.
MetaMap applies pattern matching to the unified med-
ical language system UMLS. UMLS are not MeSH
terms, but closely related. Indexing MeSH terms is
PubTator, a web based indexing system also devel-
oped by the US National Library of Medicine (Wei
et al., 2013). PubTator uses DNorm (Leaman et al.,
2013)) to tag PubMed articles with MeSH disease terms.
DNorm is based on a pairwise learning-to-rank algo-
rithm. Learning-to-rank algorithms make use of iden-
tified nearest neighbour documents to retrieve the most
relevant MeSH terms (Huang et al., 2011). A more re-
cent approach combines several machine learning tech-
niques (Mao and Lu, 2017). Convolutional neural net-
works are used in (Gargiulo et al., 2019} Dai et al.,
2020). MeSHLabeler uses a combination of Medical
Text Indexer, pattern matching, and indexing rules (Liu
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et al., 2015). For all MeSH indexing must be consid-
ered that it is a complex task. Even between human in-
dexers only 48.2% consistency was reported for main
heading assignment (Funk and Reid, 1983). This unsat-
isfying consistency is easily explained by the aim of the
indexing approaches. All here mentioned approaches
aimed to index the literature with the most important
concepts. But what are the most important concepts?
This is often hard to recognize from the publication
alone. Because, after a manuscript was published the
relevance of its content depends on the context of the
reader. The same publication has different meanings
for two scientists studying different subjects.

3. Our work

Our goal was to index exhaustively a corpus of 14 mil-
lion PubMed records with disease related MeSH terms.
In contrary to all other approaches mentioned in the
section above, we aimed to index every occurrence of a
term. The major concept of a publication did not matter
for us. The indexed corpus was intended to be analyzed
for co-occurrences of index tags. A ranking of concepts
was not intended. For this reason we decided to use a
non-machine-learning approach for indexing. After an-
alyzing the structure of the MeSH tree we realized that
the information in the MeSH tree together with the en-
try terms would be sufficient for our needs. A node in
the MeSH tree is labeled by a descriptor, e.g. diabetes
mellitus, type 1. Additionally, so-called entry terms are
given. These terms are synonyms, alternate forms, and
other closely related terms that are generally used in-
terchangeably with the descriptor term. For diabetes
mellitus, type 1, 27 entry terms are given. These are
terms which are alternatively used in life science liter-
ature. The alternative terms may differ only in a hy-
phen, order of words, complete different synonyms, or
they are abbreviations. On average there are about ten
entry points for each disease MeSH term. These entry
points, in the following named as entry terms, represent
the major forms of writing for a disease term in the life
science literature. Our idea was to search for these en-
try points in the corpus of 14 million PubMed records.
In the following section it is shown how we overcame
many of the issues for text matching in medical liter-
ature, as it was discussed by Diaz and Lépez in (Diaz
and Lopez, 2015).

4. Methods
4.1. Medical Subject Headings

For drug discovery purposes of interest are disease re-
lated terms. As described above, the MeSH tree con-
tains 16 main branches. Two of these branches were
used for disease indexing. The disease branch C and
branch F, with terms from psychiatry and psychology.
From these two branches unspecific expressions were
removed. This included terms used as common words.
These excluded expressions form a so-called stoplists.

Stoplists for indexing disease MeSH terms were intro-
duced by (Swanson et al., 2006). We loosely orien-
tated our disease term collection at Swanson’s stoplist.
Very general disease terms were removed. Mainly en-
tries from the psychology branch were removed, terms
like affect, behavior, and aptitude. Additionally we
took a list of the most common English words (Kauf-
man, 2017) to further exclude disease terms that are fre-
quently used. Although, some common words are also
important disease terms. So, a whitelist with needed
disease terms was created. This whitelist contains dis-
ease terms like arthritis, measles and cholera. MeSH
nodes are not unique in the MeSH tree. Because of the
structure of the tree the same node can occur at more
than one position. For example ‘Gaucher Disease’ is
in branch ‘Central Nervous System Diseases’, ‘Genetic
Diseases, Inborn’, ‘Metabolic Diseases’, and in other
branches. The number of non-unique MeSH nodes
sum up to 13°969. Finally, the disease MeSH tree con-
tains 5’904 unique disease-related nodes. These nodes
contain 63’072 entry points. In Table [I] a histogram
is shown that represents the distribution of the entry
points on the unique MeSH nodes.

Min bin 1 5 10 | 20 50
Max bin 5 10 20 | 50 | 1000
Counts 2161 | 1520 | 1357 | 771 94

Table 1: Histogram of the number of entry points in the
disease MeSH terms

The MeSH terms and the entry terms were normalized
for indexing. It is important to notice for our algo-
rithm that the MeSH entry phrases contain the origi-
nal terms in different orders, as they occur in the pub-
lications. Also alternatives with different punctuation
marks, spelling variants and acronyms are given as en-
try terms. The 32 entry terms for the MeSH descriptor
‘Diabetes Mellitus, Type 2’ are given as example. The
normalization procedure is described below in more
detail for the PubMed records.

* Adult-Onset Diabetes Mellitus

¢ Diabetes Mellitus, Adult Onset

¢ Diabetes Mellitus, Adult-Onset

¢ Diabetes Mellitus, Ketosis Resistant

¢ Diabetes Mellitus, Ketosis-Resistant

* Diabetes Mellitus, Maturity Onset

* Diabetes Mellitus, Maturity-Onset
 Diabetes Mellitus, Non Insulin Dependent
* Diabetes Mellitus, Non-Insulin-Dependent
* Diabetes Mellitus, Noninsulin Dependent
 Diabetes Mellitus, Noninsulin-Dependent
¢ Diabetes Mellitus, Slow Onset

¢ Diabetes Mellitus, Slow-Onset

¢ Diabetes Mellitus, Stable



» Diabetes Mellitus, Type 2

* Diabetes Mellitus, Type II

* Diabetes, Maturity-Onset

¢ Diabetes, Type 2

» Ketosis-Resistant Diabetes Mellitus

* MODY

* Maturity Onset Diabetes

* Maturity Onset Diabetes Mellitus

* Maturity-Onset Diabetes

* Maturity-Onset Diabetes Mellitus

« NIDDM

¢ Non-Insulin-Dependent Diabetes Mellitus
* Noninsulin Dependent Diabetes Mellitus
* Noninsulin-Dependent Diabetes Mellitus
¢ Slow-Onset Diabetes Mellitus

* Stable Diabetes Mellitus

* Type 2 Diabetes

* Type 2 Diabetes Mellitus

These entry terms are text phrases frequently occur-
ring in medical literature. After being normalized and
stemmed, the number of terms reduced to 23.

¢ adult onset diabetes mellitus

* diabetes maturity onset

* diabetes mellitus adult onset

* diabetes mellitus ketosis resistant

* diabetes mellitus maturity onset

¢ diabetes mellitus non insulin dependent
¢ diabetes mellitus noninsulin dependent
* diabetes mellitus slow onset

¢ diabetes mellitus stable

¢ diabetes mellitus type 2

* diabetes mellitus type ii

* diabetes type 2

* ketosis resistant diabetes mellitus

* maturity onset diabetes

* maturity onset diabetes mellitus

e mody

* niddm

* non insulin dependent diabetes mellitus
* noninsulin dependent diabetes mellitus
* slow onset diabetes mellitus

* stable diabetes mellitus

* type 2 diabetes

* type 2 diabetes mellitus

To index a publication with the MeSH descriptor ‘Dia-
betes Mellitus, Type 2’ one of the 23 entry terms must
be found in the text record. Therefore, the MeSH entry
terms overcome many of the problems that were de-
scribed by Diaz and Lépez in (Diaz and Lopez, 2015).
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4.2. The MeSH term index tree

Apache Lucene was used to store the PubMed records,
MeSH terms and the entry terms. Lucene is a widely
used open-source database and text search engine
(Biatecki et al., 2012). Already, many string match-
ing algorithms exist to search text indices. The best
performing algorithms rely on preprocessing of a dic-
tionary. So, a powerful key-word matching algorithm
was developed by Aho and Corasick (Aho and Cora-
sick, 1975). Their algorithm constructs a finite state
pattern matching machine from the keywords. The
keywords are processed once and the text is matched
against the processed keywords. Another dictionary
oriented approach used a modified Levenshtein dis-
tance for high-throughput spelling correction (Schulz
and Mihov, 2002). Lucene contained the MeSH term
index and is capable of text matching. So, in our first
approach we tested the fuzzy search for multiple word
terms in Lucene for indexing. Indexing performance
was a major criteria for our algorithm. However, the
indexing performance of Lucene was too low for the
corpus of 14 million text records. It was also diffi-
cult to fine tune the fuzzy string matching. The match-
ing criteria tended either be too coarse or too fine for
a successful comparison. This was due to the struc-
ture of the MeSH terms, containing abbreviations and
numbers. After several days of proprietary experiments
with Lucene we decided to implement our own algo-
rithm for performance reasons, and for better control
of the matching terms. Our approach is similar to
(Aho and Corasick, 1975)), we also decided to imple-
ment a pre-processed tree-structure. With the differ-
ence, that the design of our algorithm was much sim-
pler. It was tailored for our purpose to match medical
subject headings. Medical subject headings are stan-
dardized phrases used in medical literature. They are
collected in the MeSH terms and the entry terms. To
prevent mismatches, matching a term needs to be exact.
Only small typos or spelling variants may be accepted
for a match. MeSH terms have significant meaning in
medical literature. Typos at the beginning of a MeSH
term phrase are not common. For this reason we de-
cided that typos in the first character of a MeSH term
result in a no-match. From the normalized entry terms
a tree-based index was created and implemented as a
list of lists. The first level of the tree represents the
starting character of the normalized entry term. Num-
bers from 1 to 9 and lowercase letters a-z occur. The
second list represents the number of tokens in the nor-
malized entry term. As for the starting letter the num-
ber of tokens needs an exact match. A third list indexes
the string length of the entry term. In the last list, the
leaf node in the MeSH term index tree, the categorized
normalized terms, are stored. As example: The MeSH
descriptor ‘Diabetes Mellitus, Type 2’ contains the en-
try term ‘Diabetes Mellitus, Non Insulin Dependent’.
After being normalized the entry term becomes ‘dia-
betes mellitus non insulin dependent’. First character



of the normalized term is ‘d’, which equals index 39 in
tree level one. The normalized entry term contains five
tokens, index five in the second layer of the index tree.
Finally, a length of 39 characters for the normalized en-
try term results in index 39 in tree level three. This node
has three children: ‘diabetes mellitus non insulin de-
pendent’, ‘deficiencies fructose 1 6 diphosphatase’, and
‘diabetes insipidus nephrogenic x linked’. The normal-
ized expressions occur without punctuation, hyphens
and always in lowercase letters|[I]

Figure 1: Part of the MeSH term index tree. Level one:
starting letter of the MeSH term, level two: number of
tokens, level three: number of characters, level four:
MeSH term.

diabetes
insipidus

nephrogenic
x linked

deficiencies
fructose 1 6
diphosphatase

diabetes

mellitus
non insulin
dependent

4.3. Searching for MeSH terms in PubMed
records

PubMed records contain a lot of information, but they
do not contain the full publication text. Publication ti-
tle, abstract, and the PubMed identifier (PMID) were
used for our algorithm. An example is given in Figure
Searching a PubMed record for normalized MeSH
terms starts by splitting the text into sentences, Fig-
ure [3] Searching is followed by stemming with the
Apache OpenNLP library. The pre-processed phrases
are tokenized. Every non-literal, Greek letters, writ-
ten out Greek letters, and numbers directly attached to
words are tokenized. Uppercase letters are converted
into lowercase. Except, an uppercase letter is followed
by another uppercase or by a number. There is no extra
treatment for floating point numbers. Stop words are
removed.

Publication title and abstract were used for MeSH term
matching. Every phrase is parsed by the MeSH term
index tree. Parsing is done phrase-wise with a sliding
window of increasing size for the tokens in the phrase.
Parsing starts with the first character of the first token

11

Figure 2: PubMed record for PMID 21965846. Part
of the record, used for indexing. The typo in the title
‘diabetis’ instead of ‘diabetes’ is from the original pub-
lication.

A clinical evaluation of skin tags in
relation to obesity, type 2 diabetis
mellitus, age, and sex

Skin tags (STs) have been investigated as a marker
of type 2 diabetes mellitus (DM), yet the relation
of STs to obesity is still a matter of controversy.
The aim of the study is to explore the relation
of number, size and color of STs to obesity, di-
abetes, sex and age in one study. The study in-
cluded 245 nondiabetic (123 males and 122 fe-
males) and 276 diabetic (122 males and 154 fe-
males) subjects. We recorded age, sex, body mass
index (BMI), relevant habits, STs color, size, and
number in different anatomical sites. The pres-
ence and the mean number of STs was more in
obese than nonobese participants (P = 0.006 and
P < 0.001, respectively) and was not affected by
sex. However, the number increased significantly
with age. The presence of mixed-color STs was
related to obese (P < 0.001) participants. Multi-
variate logistic regression revealed that only BMI
was significantly associated with the mixed-color
STs (OR = 3.5, P < 0.001). The association of
DM (OR = 1.7) with mixed-color STs was non-
significant (P = 0.073). Neither age nor sex had
any association with mixed-color STs. Within
cases that developed mixed-color STs, the mul-
tivariate analysis showed that only BMI had a sig-
nificant correlation to the number of STs (beta =
0.256, P =0.034). The study showed that not only
the number but also the presence of mixed-color
ST was related to obesity, but not to diabetes. The
presence of mixed-color STs in nondiabetic sub-
jects needs close inspection of BMI. Keywords:
Age; diabetes mellitus; obesity; sex; skin tags.

in the sentence. The node in level one that corresponds
to the first character is the starting point for further
parsing. Level two of the index tree corresponds to
the number of tokens in the phrase. The number of
tokens for the start phrase is 1. Level three of the in-
dex node corresponds to the number of characters in
the phrase to analyze. All terms in the level three in-
dex nodes from minus three characters up to plus three
characters are compared with the phrase to analyze.
The comparison is a two step process. A first string
match checks for misleading similarities. Misleading
similarities are calculated from word pairs that differ
by one or two characters but have a complete differ-
ent meaning, e.g. injection and infection. If the word



Figure 3: Normalized and stemmed PubMed record
for PMID 21965846. A period indicates the end of a
phrase detected by the stemming algorithm.

clinical evaluation skin tags relation obesity type
2 diabetis mellitus age sex. skin tags STs investi-
gated marker type 2 diabetes mellitus DM relation
STs obesity matter controversy. aim study explore
relation number size color STs obesity diabetes
sex age study. study included 245 nondiabetic 123
males 122 females 276 diabetic 122 males 154 fe-
males subjects. recorded age sex body mass in-
dex BMI relevant habits STs color size number
different anatomical sites. presence mean num-
ber STs obese nonobese participants P 0 006 P 0
001 respectively affected sex. number increased
significantly age. presence mixed color STs re-
lated obese P 0 001 participants. multivariate lo-
gistic regression revealed BMI significantly asso-
ciated mixed color STs OR 3 5 P 0 001. asso-
ciation DM OR 1 7 mixed color STs nonsignif-
icant P 0 073. age sex association mixed color
STs. cases developed mixed color STs multivari-
ate analysis showed BMI significant correlation
number STs beta 0 256 P 0 034. study showed
number presence mixed color ST related obesity
diabetes. presence mixed color STs nondiabetic
subjects needs close inspection BMI. keywords
age diabetes mellitus obesity sex skin tags.

pair passes this test the similarity is calculated by the
Damerau-Levenshtein algorithm. For phrase compari-
son with more than one token the comparison is done
token by token. If the token pair similarity is below
0.75 the phrase is dissimilar. This threshold allows a
small change in a word, i.e. the change of a single let-
ter. This takes into account the morphological or ortho-
graphic variations of scientific writing. If the compar-
ison matches the threshold, the average from all token
pair comparisons in the phrase are calculated. If the
average similarity is equal or above 0.85 the PubMed
record is tagged with the MeSH descriptor correspond-
ing to the matching phrase. MeSH entry terms are not
necessarily unique, one matching phrase may result in
two tags. An example is given with the string “Back-
ground: Skin tags (STs) have been investigated as a
marker of type 2 diabetes mellitus (DM), yet the rela-
tion of STs to obesity is still a matter of controversy”,
PMID 21965846. The string is parsed after normaliza-
tion. The following items demonstrate how the string
is parsed with the sliding token window.

* ‘background‘ — no match

* ‘background skin‘ — no match

* ‘background skin sts* — no match

e ...proceed up to maximum term length
¢ ‘skin® — no match
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e ‘skin sts‘ — no match

* ‘type‘ — no match

* ‘type 2° — no match

* ‘type 2 diabetes mellitus‘ — match
* ‘diabetes‘ — no match

¢ ‘diabetes mellitus® — match

The sentence is tagged with two MeSH descriptors ‘Di-
abetes Mellitus’ and ‘Diabetes Mellitus, Type 2°. With
this procedure all 14 million PubMed records were in-
dexed with the matching MeSH term descriptors.

4.4. Implementation

The PubMed records were retrieved from the MED-
LINE database and stored in Lucene (Biatecki et al.,
2012). The normalized PubMed records were also
stored in Lucene. The MeSH term indexer was imple-
mented in Java 11. The NIH MeSH tree was taken from
the file mtrees2022.bin (NIH, 2022a)). This file was se-
rialized and stored. Entry terms were read on the fly
from desc2022.xml. The disease MeSH tree was com-
piled from the serialized MeSH tree file, the descriptor
file and the hard-coded stoplists. Index tags were writ-
ten to the normalized records in Lucene.

5. Results
5.1. Results MeSH term index

A detailed view into the structure of the MeSH term
index tree is given in the following section. As men-
tioned above, level one of the MeSH term index tree
corresponds to the starting characters of the MeSH en-
try terms. In total, 58’774 unique MeSH entry terms
were indexed in the MeSH term index tree. In Table
] the counts for every starting character for all unique
MeSH entry terms are shown. Some MeSH entry terms
start with a number between 1 and 9, but none starts
with a zero. The other characters are well distributed
over the alphabet.

Char | Counts | Char | Counts | Char | Counts
1 19 e 2356 p 5693
2 11 f 2153 q 49
3 6 g 1506 r 1769
4 29 h 3475 S 5643
5 8 i 2984 t 3076
6 2 j 241 u 545
7 2 k 408 v 1155
a 4898 1 2274 w 430
b 2193 m 3620 X 143
C 5447 n 2690 y 35
d 4583 0 1268 z 63

Table 2: Counts for each starting character of all MeSH
terms



Level two of the MeSH term index tree represents the
number of tokens for each MeSH entry term. A token
in a normalized MeSH term can be a single character,
number, or letter. The distribution for the token count
in all MeSH entry terms is given in Table [3] Even the
bin with the maximum number of tokens still contains
210 normalized MeSH entry terms. Here, the counts
follow a broadly skewed distribution.

Num | Counts | Num | Counts | Num | Counts
1 2730 6 2625 11 210
2 2835 7 1995 12 315
3 3150 8 1470 13 105
4 3465 9 840 14 210
5 2835 10 630

Table 3: Counts for number of tokens in a term

For level three of the MeSH term index tree the dis-
tribution is given as a graph in Figure @] This level
encodes the string length of the MeSH entry terms.
Again, the distribution is broad, this time nearly Gaus-
sian.
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Figure 4: Length distribution of MeSH terms

In level four of the MeSH term index tree it is revealed
that the divide and conquer strategy of the index tree
was successful. The histogram in Table [4] shows the
distribution for the number of MeSH entry terms in the
leaf nodes of the index tree. In the first bin the list size
is 1 for 1°002 leaf nodes, in the second bin the list size
is between 2 and 5 for 871 leaf nodes. So, the majority
of leaf nodes contains small lists.

Min bin 1 2 5 10| 20| 50
Max bin 2 5 10| 20| 50| 150
Counts 1’002 | 871 | 512 | 392 | 379 | 310

Table 4: Histogram of the number of terms in a list
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5.2. Results tagging fourteen million
PubMed records

The corpus to index contained fourteen million
(14°138°576) PubMed records. These were records
which were previously found by querying PubMed for
gene names. Only twelve million records contained a
summary, additionally to the title. The number of to-
kens indexed by Lucene summed up to 2.8 billion to-
kens. MeSH term indexing for all records took around
three days with a performance of around 4’000 records
per minute. A file was compiled which listed all dis-
ease MeSH terms together with the PubMed identi-
fiers where this disease term was found (diseaseList).
A sample of 10’000 indexed PubMed records was an-
alyzed for detail. The sample was drawn from dis-
easeList by random sampling technique with a limit
of ten records per disease. Resulting, the 10’000
records represented 1’056 diseases from diseaseList.
All records contained at least one disease MeSH term
from the MeSH term index tree. In total, 61’413
MeSH terms were found by the MeSH term index tree.
For 857 records no MeSH term was retrieved from
PubMed. A sum of 25’982 MeSH terms was retrieved
from PubMed. The MeSH term index tree did not tag
3’387 of these MeSH terms. The results were summa-
rized in Table 5l The result file for the 10’000 records
is available on request from the author.

MeSH terms Found | Not found | Overlap
PubMed 25’982 38’818 ,
Index tree 61’413 3’387 22595

Table 5: Counts for MeSH terms found in 10’000
PubMed records. Index tree for ‘MeSH term index
tree’

These results revealed a high discrepancy between the
indexing by the NIH and the MeSH term index tree.
So, we took a close look to single records. After sort-
ing the 10’000 sample records by disease terms the first
disease term was ‘Abdomen, Acute’. The first record
had the title ‘Patient factors influencing the effect of
surgeon-performed ultrasound on the acute abdomen’,
PubMed Id 21290005, from year 2010 in Critical Ultra-
sound Journal. No PubMed MeSH terms were given.
The MeSH term index tree indexed the record with the
disease MeSH terms ‘Abdomen, Acute’, ‘Abdominal
Pain’, ‘Appendicitis’, and ‘Peritonitis’. As it can be
taken from the record summary in InfoBox [T]all terms
occur in the text.

An example with overlap between the two index-
ing methods and where the NIH indexing exclusively
tagged a MeSH term is record PID 18294294. The
PubMed MeSH terms ‘Leukemia, Lymphoid’, and ‘Re-
currence’ were not tagged by the MeSH term in-
dex tree. Both methods found ‘Lymphoma, Extran-
odal NK-T-Cells’ in the text. The MeSH term in-
dex tree tagged exclusively the record with ‘Dis-



PURPOSE: To evaluate the effect of surgeon-
performed ultrasound on acute abdomen in specific pa-
tient subgroups regarding the diagnostic accuracy and
further management. METHODS: Eight hundred pa-
tients attending the emergency department at Stock-
holm South General Hospital, Sweden, for abdominal
pain, were randomized to either receive or not receive
surgeon-performed ultrasound as a complement to rou-
tine management. Patients were divided into subgroups
based on patient characteristics. [...] Timing of surgery
was evaluated for patients with peritonitis. [...] De-
creased need for further examinations and/or fewer ad-
missions were seen in all groups except in patients with
a preliminary diagnosis of appendicitis. [...]

InfoBox 1: Part of summary for PubMed record with
Id 21290005

ease Resistance’, ‘Glycogen Storage Disease Type
VI', ‘Leukemia’, ‘Leukemia, large Granular Lympho-
cytic’, ‘Lymphoma’, ‘Lymphoproliferative Disorders’,
‘Neoplasms’, ‘Neutropenia’, ‘Precursor T-Cell Lym-
phoblastic Leukemia-Lymphoma’, and ‘Sepsis’. Ob-
viously, ‘Leukemia, Lymphoid’ is a meta term, given
from the NIH index crew. And the NIH index crew
skipped the leaf node tags ‘Leukemia, large Granu-
lar Lymphocytic’ and ‘Precursor T-Cell Lymphoblas-
tic Leukemia-Lymphoma’. Also not considered by the
NIH were the meta tags ‘Leukemia’, ‘Lymphoma’, and
‘Neoplasms’. The NIH summarized these tags with the
meta tags. And our MeSH term index tree missed these
meta tags, because no lexicographic matching pattern
was found in the PubMed record. The two terms ‘Sep-
sis’ and ‘Neutropenia’ found from the MeSH term in-
dex tree were not tagged by the NIH. Presumably, be-
cause the tags are related to only one patient out of
six. However, neutropenia, sepsis and chemotherapy
have a causal relation (Ba et al., 2020). But if we are
searching the PubMed MeSH terms for relations be-
tween neoplasms, sepsis, and neutropenia we will miss
this publication.

6. Summary and conclusions

A new method to index PubMed records exhaustively
with disease MeSH terms was developed and applied
to a corpus of 14 million PubMed records. A random
sample with 10’000 indexed records was analyzed in
detail. In this sample 8.6% of the records were not
indexed in PubMed. Why so many records were not
indexed by the NIH, is under examination. Addition-
ally, the MeSH term index tree found 2.4 times more
MeSH terms than given in the PubMed records. This
can partly explain that the NIH indexing aims to index
with the most meaningful tags. And, the NIH indexing
crew summarizes concepts with MeSH terms that are
closer to the root of the MeSH term index tree. These
summarizing MeSH terms explain the ten percent of
the MeSH terms in PubMed that were not tagged by
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the MeSH term index tree. The NIH indexing includes
a ranking of concepts, our approach is unbiased. To-
gether, the two systems provide a large basis for in-
formation extraction from PubMed. Thus, in future
work, the combination of the two index systems will
be tested as input for machine learning systems to find
new relations between diseases. The MeSH term in-
dex tree is highly precise, it only accepts records that
match entry MeSH terms that were defined by the NIH.
Our approach is unbiased. It does not need any training
records. Only a minimum set of parameters is needed.
Rough mismatches were excluded by defining the list
of false similar terms. False similar term pairs are lex-
icographically similar but possess a different meaning.
Also, common words are excluded from matching. The
few parameters and very general rules make our algo-
rithm highly reliable. The four level MeSH term index
tree is very well balanced, this results in a very high
indexing performance. We are convinced that our algo-
rithm supports the scientific community in indexing life
science literature and plan to provide the source code as
open source project on git hub.
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