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A b s t r a c t Objective: A primary goal of the University of Pittsburgh’s 1990–94 UMLS-
sponsored effort was to develop and evaluate PostDoc (a lexical indexing system) and Pindex (a
statistical indexing system) comparatively, and then in combination as a hybrid system. Each
system takes as input a portion of the free text from a narrative part of a patient’s electronic
medical record and returns a list of suggested MeSH terms to use in formulating a Medline
search that includes concepts in the text. This paper describes the systems and reports an
evaluation. The intent is for this evaluation to serve as a step toward the eventual realization of
systems that assist healthcare personnel in using the electronic medical record to construct
patient-specific searches of Medline.

Design: The authors tested the performances of PostDoc, Pindex, and a hybrid system, using text
taken from randomly selected clinical records, which were stratified to include six radiology
reports, six pathology reports, and six discharge summaries. They identified concepts in the
clinical records that might conceivably be used in performing a patient-specific Medline search.
Each system was given the free text of each record as an input. The extent to which a system-
derived list of MeSH terms captured the relevant concepts in these documents was determined
based on blinded assessments by the authors.

Results: PostDoc output a mean of approximately 19 MeSH terms per report, which included
about 40% of the relevant report concepts. Pindex output a mean of approximately 57 terms per
report and captured about 45% of the relevant report concepts. A hybrid system captured
approximately 66% of the relevant concepts and output about 71 terms per report.

Conclusion: The outputs of PostDoc and Pindex are complementary in capturing MeSH terms
from clinical free text. The results suggest possible approaches to reduce the number of terms
output while maintaining the percentage of terms captured, including the use of UMLS semantic
types to constrain the output list to contain only clinically relevant MeSH terms.
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The body of medical literature continues to expand at
a rapid pace, and it is increasingly difficult for clini-
cians to keep track of all the literature that may have
a significant influence on the care of their patients.1

At the same time, an increasing amount of patient
clinical information is being stored in computers. A
key goal of the National Library of Medicine’s Unified
Medical Language System (UMLS) project is to assist
healthcare practitioners, researchers, and students to
link the patient medical record to the medical litera-
ture.2 As part of the UMLS Project from 1990–1994,
we developed initial versions of two computer pro-
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grams, called Pindex and PostDoc.3 – 5 Each program
takes as input a portion of the free text from a nar-
rative part of a patient’s electronic medical record,
and it returns a list of suggested MeSH terms to use
in formulating a Medline search that includes con-
cepts in the text. The Pindex program uses a proba-
bility-based statistical method to perform this map-
ping, whereas PostDoc uses a simple lexical matching
method. We believe that a system that suggests a list
of potentially relevant MeSH terms can help clinicians
improve the number of relevant Medline articles re-
trieved. In this paper we do not experimentally ad-
dress whether such an improvement occurs in a clin-
ical setting; rather, we report the results of a formative
study that bears on the issue in an important way. In
particular, this paper reports the results of an initial
evaluation of the ability of the two systems to map
the concepts in clinical reports to MeSH. The intent is
for this evaluation to serve as one step toward the
eventual realization of systems that assist healthcare
personnel in using the electronic medical record to
help construct patient-specific searches of Medline.

Background

The ability to map accurately from clinical free text to
a structured vocabulary has important uses in the in-
dexing and retrieval of medical literature. Researchers
have begun to explore this mapping process using the
UMLS Metathesaurus. A substantial amount of re-
search on concept recognition within texts, and spe-
cifically within clinical texts, has been done6 – 16; addi-
tional relevant references with abstracts appear in a
UMLS bibliography, which was compiled by Selden
and Humphreys.17 Examples of relevant prior research
include work on indexing medical images,12 indexing
clinical articles based on their abstracts and retrieving
them based on a free-text phrase,9 mapping ICD-9
terms to MeSH terms,10 and lexical rules for linking
clinical reports to the medical literature.8 The current
paper empirically investigates two methods (and their
combination) for mapping from the text in an entire
clinical report to the MeSH terms that represent it. In
the remainder of this section, we describe the two
methods and their implementation. We also suggest
how the methods might be used in a system that as-
sists users in searching Medline for articles that are
specific to the care of individual patients.

The PostDoc Lexical Recognition Algorithm

The PostDoc algorithm was originally developed in
1991–92.4 The PostDoc approach was based on the
‘‘keep it simple’’ principle. The justification for a ‘‘sim-
ple’’ approach was recognition that the goal was not

to ‘‘understand’’ fully the content of arbitrary medical
text. The goal was to extract, as best as possible, ref-
erences to terms in a specified target lexicon (UMLS
Metathesaurus/MeSH) as they appeared in an arbi-
trary medical text (so long as the mappings could be
justified clinically). Given that the task was simplified
to mapping arbitrary text to a target lexicon, the al-
gorithm was developed on the assumption that the
medically meaningful content in free-text clinical re-
cords would be contained within noun phrases, be-
cause the target vocabulary for matching was a con-
trolled vocabulary of noun phrases (the UMLS
Metathesaurus lexicon, and its subset, MeSH). An-
other PostDoc assumption was that all the important
medical words worth recognizing in free-text noun
phrases should be related to (i.e., derived from) the
words in the target vocabularies (including synonyms
and lexical variants). Recognizing a word that does
not appear anywhere in a target lexicon (including
synonyms) is less likely to be useful, and knowing
what to do with such words would require substantial
manual effort. It was our experience at the time that
the majority of words in noun phrases found in med-
ical charts are ‘‘medical words,’’ in that they are
words that participate in terms of the UMLS Meta-
thesaurus. The set of target words was constructed by
taking the root (canonical) form of each unique word
that participated in any UMLS Metathesaurus (includ-
ing MeSH) term name, or in the term name’s lexical
and linguistic variants (including synonyms). For his-
torical purposes, notice that the early (1990–92) ver-
sions of the UMLS Metathesaurus did not contain
root-form versions of words participating in UMLS
terms, even though these roots are provided in the
current releases of the Metathesaurus.

Notice that the PostDoc algorithm could handle syn-
onymy in most, but not all cases. Consider a primary
Metathesaurus term containing the word ‘‘hepatic.’’ If
the Metathesaurus lexical variants for that primary
term included substitution of the word ‘‘liver’’ for
‘‘hepatic’’ in some of the lexical variants, PostDoc
could map chart text phrases containing ‘‘liver’’ to the
primary Metathesaurus concept (if justified) by first
mapping to the Metathesaurus lexical variant form,
and then mapping from a variant Metathesaurus term
to the primary (preferred) Metathesaurus concept
term. However, consider a second example. If none of
the Metathesaurus lexical variants of a preferred
Metathesaurus term containing the word ‘‘hepatic’’
contained the word ‘‘liver,’’ PostDoc could not map a
chart phrase containing ‘‘liver’’ to the preferred term
containing the word ‘‘hepatic,’’ since PostDoc did not
perform word-level synonymy checking. Generally,
not all instances of ‘‘liver’’ occurring in arbitrary text
would map to ‘‘hepatic,’’ and the lexical variants in-
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cluded in the Metathesaurus should be a good way
to determine when such mappings make sense. Thus,
the ability of PostDoc to carry out synonymy mapping
was dependent on the quality of the lexical variant
terms included in the Metathesaurus.

To create PostDoc data structures, we processed the
1991–92 Meta-1.1 CD-ROM data files. We extracted all
unique words from terms in the UMLS ‘‘MRMC’’
(main concepts) file. We next created inverted indices
(Key Word in Context, or KWIC lists) to tie each word
back to the UMLS main-concept terms in which they
appeared. It was important to store the unique words
and the inverted word indices based on ‘‘root’’ forms
of each word. While sophisticated methods exist to
create a linguistic ‘‘stem’’ for a given word,18,19 the
simple approach taken in PostDoc was to convert all
words to a pseudo-singular form. We accomplished
this by writing a program that recognized (and could
generate) potential English, Latin, or Greek singular,
possessive, or plural forms of words. Only the sin-
gular form of a given word was stored as its ‘‘root
string,’’ and the inverted indices of variant forms of
the root string were all merged into a single index per
word. The algorithm used to map words to their root
form was also required as part of the run-time
PostDoc analysis routines, since the words in a free-
text patient record may appear arbitrarily in singular,
plural, or possessive form.

PostDoc employed a simple, ‘‘sliding frame’’ method
for matching phrases in the source document to those
in the target lexicon. Three passes were made by the
program. The first pass took all words in the source
document sequentially, and outputted only recog-
nized words in their ‘‘root’’ forms. In the second pass
(described below), the words output by the first pass
were grouped into potential matches for target lexicon
terms. In the third pass (described below), the output
of the second pass was evaluated and finalized.

In analyzing the words in a free-text clinical docu-
ment, the PostDoc algorithm matched any ‘‘word’’
(group of characters set off by ‘‘whitespace’’ delimit-
ers) in the source document with entries in the in-
verted word indices that were either identical in
length and content to the source word’s root form or
identical up to the length of the source word but with
the length of the index word being longer (containing
additional characters). For this reason, it was decided
to ignore source document words shorter than a given
length, which was set to be four characters. During
PostDoc development, it was empirically observed
that shorter words matched too many root words in
the index nonspecifically, and resulted in too many
false-positive matches. We also made an arbitrary de-

cision, again based on empirical observations, to treat
certain common English words as ‘‘stop words’’ that
would be dropped from the recognition process as if
they had never appeared in the source text. The stop
words list included: after, and, brief, course, date, day,
down, felt, focus, in, mild, minute, minutes, of, other,
second, seconds, than, the, these, this, time, times,
week, when, will, with, year. Because the algorithm
used inverted word indices, word-order variations be-
tween source phrases and target phrases were per-
mitted. When stop words were implemented, PostDoc
allowed terms such as ‘‘carcinoma of the prostate’’
and ‘‘prostate carcinoma’’ to match as being identical
terms.

In its second phase of processing, PostDoc used a se-
rial sliding-frame method to accumulate potential
matches for source-document phrases (sequential
combinations of words). The pseudo-code version of
the PostDoc phase 2 algorithm is given in Appendix
A.

In PostDoc’s third and final phase, a set of heuristic
rules20 was applied to the output from phase 2 to see
whether an appropriate match existed between the
words in the chart and one (or a few) Meta-1.1
term(s). In effect, PostDoc had to determine whether
it was reasonable to match a series of ‘‘recognized’’
words from the chart to the set of Meta-1.1 terms cor-
responding to those words’ non-null intersected
KWIC lists. The first heuristic used in PostDoc phase
3 counted the number of chart words that actually
appeared in each candidate Meta-1.1 term ‘‘matched’’
(i.e., the output of phase 2). If less than 51% of the
words in the candidate Meta-1.1 term appeared in the
chart, the term was rejected. In this manner, the iso-
lated word ‘‘carcinoma’’ in a chart could not match
all Meta-1.1 terms containing the word ‘‘carcinoma.’’
Similarly, even though the solitary word ‘‘diabetes’’ in
an arbitrary medical text usually refers to ‘‘diabetes
mellitus,’’ it is not medically justified to make this
mapping automatically, since diabetes insipidus (of
pituitary origin) and nephrogenic diabetes insipidus
also include the word ‘‘diabetes.’’ In addition, only the
candidate Meta-1.1 term with the highest percentage
of matched words from each chart phrase was re-
tained. For example, if a phrase found in a chart was
‘‘insulin-dependent diabetes,’’ then 75% of the words
in the Meta-1.1 term ‘‘Diabetes Mellitus, Insulin De-
pendent’’ were matched, but only 60% of the words
in the term ‘‘Diabetes Mellitus, Non Insulin Depen-
dent’’ were matched, so PostDoc dropped the latter
term. Finally, a heuristic was employed to further
limit ‘‘nonspecific’’ matches. It was determined to set
a cutoff (at five) for the maximum number of candi-
date matches that PostDoc would retain for a phrase
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in the chart (i.e., there must be five or fewer Meta-1.1
terms matching each phrase output by the PostDoc
phase 2 algorithm given as pseudo-code in Appendix
A).

Additional aspects of the PostDoc algorithm for iden-
tifying co-occurring terms were previously described.4

The Pindex Statistical Indexing Algorithm

In this section, we describe the methods used in Pin-
dex to construct the associations between phrases and
MeSH terms, and the techniques used to apply these
associations to stochastically derive MeSH terms from
the phrases in a section of clinical text. The basic
method, which was developed initially in 1991 as part
of the UMLS project, was subsequently extended as
part of that project.

The Construction of Associations in Pindex

Pindex takes as input a string or file of free text, and
it returns MeSH terms (MTs) that co-occur most fre-
quently given the phrases in the text. The MTs used
in the current version of Pindex are MeSH Main
Headings. We constructed the associations between
phrases and MTs by associating the phrases in Med-
line titles and abstracts with the MTs that human in-
dexers at the National Library of Medicine (NLM)
have attached to the respective Medline articles. Syn-
onyms were not entered separately into the version of
Pindex described here, but they often are represented
by multiple free-text phrases that are strongly statis-
tically associated with a given MT.

We used Medline articles from the first six months of
1990 to construct associations between MTs and the
free-text phrases of titles and abstracts. There was a
total of 193,160 articles (all containing titles), of which
133,876 (69%) also contained abstracts. We will use the
term article text to refer to the available online text of
a given article, which consists either of a title only, or
of a title plus abstract.

Training occurred as follows. (See Appendix B.1 for a
simple example that illustrates how Pindex was
trained using the steps that follow.) For a given Med-
line article, we partitioned the article text into a set of
subtexts by applying stop words, which served as bar-
rier words.* We then transformed each subtext as fol-
lows.

n We removed all apostrophes (e.g., Graves’ Disease
became Graves Disease).

*A list of the 81 stop words that were used can be obtained
from author G. F. Cooper.

n We converted all letters to lower case (e.g., Graves
Disease became graves disease).

n All non-alphabetic characters were replaced by
blanks.

n Extra blank spaces were removed.

Now that we had the subtext in a standard format,
we broke it into phrases. In particular, we determined
every possible singleton, doublet, triplet, and quad-
ruplet of words in the subtext. For example, a triplet
phrase consists of three sequential words that oc-
curred in the subtext. Thus, word order was impor-
tant in constructing phrases. We did not consider
phrases longer than four words, because phrases of
one to four words seemed adequate to capture most
associations. In the future, it may be worth investi-
gating this assumption by using longer phrases.

We took the union of all the phrases in all the subtexts
of a given article. This union represents the set of
phrases P for the article. Notice that by using the un-
ion of phrases, a given phrase will appear only once
in set P. Over all articles, we tallied the number of
articles (P sets) in which a given phrase appeared. We
did this for all phrases found in all articles. We per-
manently stored only phrases that occurred in at least
two articles, because a single occurrence of a phrase
is not enough to establish those MTs with which the
phrase has a statistically meaningful association.

Each Medline article has a set of MTs that a human
indexer at NLM has assigned to it. We did not con-
sider most MTs that are check tags or similar terms,
because this is a short list of terms that occur com-
monly, and thus, users can select such search terms
directly from the list.† Let M denote the set of re-
maining MTs for an article. We took the cross product
of the elements in P and M to construct a set PM.
Thus, PM contained every possible combination of a
phrase in P with a MT in M. Over all articles, we
tallied the number of times a given phrase–MT pair
occurred.

We used the frequency of a phrase X (let m denote
this frequency) and the frequency of co-occurrence of
a phrase–MT pair (let k denote this frequency) to cal-
culate the conditional frequency of the MT being as-
signed to an article as an indexing term given that the
phrase appears in the title or abstract of the article.
Let Y denote the MT. If we interpret this conditional
frequency as being a conditional probability, then we
can compute the probability of Y given X as follows:

†A list of the 28 MTs that were excluded can be obtained from
author G. F. Cooper.
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Table 1 n

Numbers of Phrase and Phrase–MeSH Term (MT)
Pairs Captured

Total
Phrases

Total
Phrase–

MT Pairs

Average
MTs per
Phrase

1-word phrases 61,355 408,384 6.7
2-word phrases 335,921 1,687,107 5.0
3-word phrases 116,410 514,435 4.4
4-word phrases 33,194 138,436 4.2
All phrase lengths 546,880 2,748,362 5.0

F i g u r e 1 A prototype version of Chartline that uses Pindex as an indexing system.

P(Y uX) = k/m. We retained in our database only those
phrase–MT pairs for which P(Y uX) $ 0.1. We used
this filter because it significantly reduced the size of
the database. We believe that using the filter has a
negligible effect on indexing performance, because by
informal inspection MTs with probabilities less than
0.1 are usually not useful indexing terms.

Table 1 shows the numbers of phrases and phrase–
MT pairs that were captured from the six months of
training data. More than 500,000 phrases and 2.7 mil-
lion phrase–MT associations were captured. These
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data initially were placed in a text file, which we de-
note as file T.

The phrases and phrase–MT pairs in T were used to
create a hash table H that uses a phrase as a key.
Given a phrase, the computer can quickly determine
whether the phrase is in the hash table, and if so, then
it can efficiently access the MTs associated with that
phrase (along with frequency of occurrence of the
phrase and the frequency of co-occurrence of the as-
sociated MTs). The hash table resides on disk and oc-
cupies about 45 MB of disk space. Approximately 250
hours of dedicated time on an IBM RS/6000 worksta-
tion were used to construct the hash table from the
six months of Medline articles; a substantial portion
of this time was devoted to disk IO, since the hash
table was too big to fit into the 16 MB of RAM avail-
able at the time.

The Application of Associations

The Pindex program takes as input a free-text phrase
from the keyboard or from a file. The program then
uses the methods described in the previous section to
generate phrases from the text. For each phrase X, the
MTs associated with that phrase are retrieved from
hash table H. For each such associated MT Y, the pro-
gram computes P(Y uX). Over all the phrases gener-
ated from the text, the phrase X9 that maximizes P(Y
uX9) is noted, and this is output as the posterior prob-
ability of Y. All the MTs associated with the phrases
in the article are sorted in descending order of prob-
ability. The MTs with a probability at least as great as
a user-specified threshold t are displayed; in the ex-
periments described in this article t = 0.20. Appendix
B.2 demonstrates the application of Pindex to a por-
tion of a medical chart.

The Chartline Concept

We use the term ‘‘Chartline’’ to designate a computer-
based approach in which textual information in pa-
tient charts is mapped to clinical (Metathesaurus/
MeSH) terms, and subsequently to the medical
literature. We described a PostDoc-specific version of
Chartline in 1992.4 A prototype interface to a version
of Chartline that uses the PostDoc system has been
developed, and it is described by Schwartz et al.21 In
this paper, we suggest the future possibility of a ver-
sion of Chartline that uses both the PostDoc and Pin-
dex algorithms.

Figure 1 shows a working prototype of Chartline (us-
ing the Pindex engine), developed during the UMLS
project in 1992–93. This prototype was not intended
for clinical use per se and is shown here to convey
the basic idea behind the Chartline approach.

Figure 1 shows the four windows on a hypothetical
clinician user’s monitor. The top left window contains
a patient record that a clinician might access using an
electronic medical record system, such as the MARS
system at the University of Pittsburgh,22 which is
shown in the figure. Such a user would highlight (un-
derline) text in a window that contains concepts that
are of interest in performing a Medline search; the top
left window shows such underlined text. The bottom
left window shows search terms that were created by
an indexing system, when applied to the underlined
text. In particular, the output shown is MeSH terms
that were produced by the Pindex system. An arrow
indicates the text phrase that invoked a given MeSH
term in the list.‡ The frequency of the term given the
phrase also is shown. Suppose the user decides to use
the MeSH terms Hemolysis and Heart Valve Prosthesis
in performing a Medline search. The user selects these
terms and applies them to construct the search ex-
pression that is shown in the bottom right window
(lower part). The upper portion of the lower right
window displays part of the output of a Medline
search, which was produced by the MARS Medline
search engine in this version of Chartline; other search
systems, such as Grateful Med, could be substituted.
The clinician has cut and pasted some of the Medline
information about this article into a personal elec-
tronic notebook, which is shown in the top right win-
dow.

We believe the usefulness of the Chartline system will
depend significantly on the quality of the MeSH terms
returned by the system, when given free-text excerpts
of clinical charts. To investigate this performance is-
sue, we conducted a formative laboratory evaluation
of the ability of Pindex and PostDoc to find the MeSH
keywords that represent the significant clinical con-
cepts in selected narrative sections of patient reports
on MARS. In addition, we evaluated a hybrid version
of PostDoc and Pindex that produces as its output the
union of the output produced by PostDoc and Pindex.

Experimental Methods

For purposes of the study, the authors selected three
representative, clinically common types of patient re-
ports available through the MARS system: radiology
reports, surgical pathology reports, and hospital dis-

‡The term hemolysis does not have an arrow pointing to it in
Figure 1, because the identical text phrase hemolysis caused the
term to be displayed there. The frequency of association be-
tween the phrase and the term is 0.39. An asterisk before the
0.39 indicates that the invoking phrase and the term are iden-
tical.
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F i g u r e 2 One of six MARS radiology reports that was used in the
study.

F i g u r e 3 A list of the phrases representing concepts for
the report in Figure 2 that might plausibly be used to
form a Medline search that is specific to this patient.

F i g u r e 4 The MeSH terms returned by PostDoc for the
report shown in Figure 2.

F i g u r e 5 The MeSH terms returned by Pin-
dex for the report shown in Figure 2.

charge summaries. For each report type, six patient
reports were randomly selected from MARS during
the years 1992 through 1994. Thus, in total, we used
18 MARS patient reports. Information potentially
identifying patients and/or physicians was systemat-
ically removed from the records before they were an-
alyzed. Figure 2 shows one of the six radiology re-
ports used in the study.

Before applying PostDoc and Pindex to each of the 18
reports, authors GFC and RAM performed separately
the following assessment for each report:

Assessment 1. Based on the text in this report,
we each circled phrases in the text that we be-
lieved represented medical concepts that could
conceivably be used in doing a Medline search
for this patient. In performing this task, we each
tried to take the viewpoint of a Medline-experi-
enced, but clinically novice, fourth-year medical
student who is doing a Medline search after hav-
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F i g u r e 6 The union of the MeSH terms returned by
PostDoc and Pindex for the report shown in Figure 2.
This list is called the MeSH-term list. By definition this
also is the output of the Union system.

F i g u r e 7 An annotation of the concepts in Figure 3
with the MeSH terms in Figure 6.

ing read the given clinical report. We circled a con-
cept when we believed that it was plausible that
such a student might perform a literature search
based in part on finding Medline articles that dis-
cussed the concept. The idea was to be medically
inclusive of interesting concepts, but to maintain a
basic sense of the type of concepts of plausible in-
terest when searching the medical literature.

Afterwards, we compared our lists of concepts for
each report. Through discussion we reached a consen-

sus that resulted in a unified list of concepts for each
report. Figure 3 shows the consensus list of concepts
that were developed for the radiology report shown
in Figure 2. Each line contains a phrase that we be-
lieved represents a clinical concept.

Next, the Pindex and PostDoc algorithms were ap-
plied to the text of each of the 18 reports. For each
report, we took the union of the MeSH terms output
by Pindex and PostDoc, and we called this the MeSH-
term list. The terms in the MeSH-term list for a report
were numbered from 1 to n, where n is the list length.
Figure 4 shows the MeSH terms output by PostDoc
for the report shown in Figure 2; Figure 5 shows the
output by Pindex for the same document. Figure 6
contains the MeSH-term list for the report, which was
created by taking the union of the MeSH terms in Fig-
ures 4 and 5. The MeSH-term list for a given report
also is by definition the output of a hybrid system that
we call Union.

For each report, we each also performed the following
assessment:

Assessment 2. For the concept phrases associated
with a report, such as those phrases shown in
Figure 3, authors GFC and RAM each annotated
each phrase with the number of the MeSH term
from the MeSH-term list that we believed ade-
quately (and best) represented the phrase for the
purposes of a Medline search. Boolean combina-
tions of MeSH terms were used, if necessary, to
represent a complex concept. In performing this
task, again we each tried to take the viewpoint of
a Medline-experienced fourth-year medical stu-
dent who is doing a Medline search after having
read the given clinical report. We used a MeSH
term to represent a concept when we believed
that it was plausible that such a student might
use the term (alone or in combination with other
terms) to represent the concept. If no such MeSH
term existed in the MeSH-term list, then the
phrase was not annotated.
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Table 2 n

Summary of the PostDoc (PO), Pindex (PI), and Union (UN) Results for Radiology Reports, Pathology
Reports, and Discharge Summaries and for All 18 Records

Rater 1

precision

PO PI UN

recall

PO PI UN

Rater 2

precision

PO PI UN

recall

PO PI UN

Average

precision

PO PI UN

recall

PO PI UN

Radiology reports 0.48 0.21 0.24 0.38 0.47 0.68 0.35 0.22 0.21 0.37 0.55 0.70 0.41 0.21 0.22 0.37 0.51 0.69
Pathology reports 0.52 0.16 0.22 0.49 0.43 0.68 0.34 0.15 0.17 0.45 0.45 0.66 0.43 0.15 0.19 0.47 0.44 0.67
Discharge summaries 0.48 0.15 0.19 0.36 0.38 0.62 0.46 0.16 0.19 0.33 0.41 0.63 0.47 0.16 0.19 0.34 0.39 0.62
All 18 reports 0.49 0.17 0.21 0.41 0.42 0.66 0.38 0.17 0.19 0.39 0.47 0.66 0.44 0.17 0.20 0.40 0.45 0.66

Table 3 n

P Values for the Comparison of the Average
Performances of the PostDoc, Pindex, and Union
Systems

Precision Recall

Radiology reports 0.009 0.009
Pathology reports 0.003 0.019
Discharge summaries 0.003 0.009
All 18 reports 0.0001 0.0001

Figure 7 provides the annotation provided by one
rater (RAM or GFC) for the radiology report shown
in Figure 3. The numbers in the annotation denote the
MeSH terms taken from the list in Figure 6. Notice
that Boolean combinations of terms are used to rep-
resent some concepts. For example, the concept cor-
responding to the phrase THYROID CYST is repre-
sented by the conjunction of MeSH term 52 from the
list in Figure 6 (i.e., Thyroid Gland) with MeSH term
17 (i.e., Cysts). The rater entered no annotation for the
concept represented by the phrase HEMORRHAGE
INTO A CYST. This indicates that the rater did not
believe this concept was adequately represented by
the list of MeSH terms in Figure 6 or any Boolean
combination of these terms.

From the data provided by the annotations of each of
the 18 reports by each of the two author raters, the
precision and recall statistics were derived. Relative
to the annotation of a given report by a particular
rater, precision was defined as the fraction of MeSH
terms output by a system for the report that were
used in that annotation to represent one or more con-
cepts. Recall was defined as the fraction of concepts in
the annotation that were adequately represented by a
MeSH term (or some Boolean combination thereof)
from the MeSH terms output by a system. Based on
the annotations provided by each rater, we calculated
for each of PostDoc, Pindex, and Union the mean re-
call and precision for each of the three report types,

as well as for all 18 reports taken together. We also
calculated mean recall (precision) statistics by aver-
aging the recall (precision) statistics of the two raters.

Results

Table 2 shows the recall and precision results for the
PostDoc, Pindex, and Union systems. The numerical
results in the tables are rounded to two digits of ac-
curacy. The averages shown in the tables are based on
taking the average results of the two raters. The tables
indicate that:

n PostDoc and Pindex each had recalls of about 40%
and 50%. That is, each system outputs MeSH terms
that adequately represent about 40% to 50% of the
concepts in the reports.

n PostDoc had a precision of about 40% to 50%. That
is, about 40% to 50% of the MeSH terms output by
PostDoc were used to represent one or more con-
cepts. Pindex had a precision of about 15% to 20%.

n When the PostDoc and Pindex outputs were taken
together (to create the Union system), the recall in-
creased to about 60% to 70%, while the precision
was about 20%.

The latter result suggests that the MeSH terms output
by PostDoc and Pindex were synergistic, because
taken together they substantially increased recall rel-
ative to the recall of either system alone. In this ex-
periment, MeSH terms were adequate to capture
about 69% of the relevant concepts in the radiology
reports, 67% of the concepts in surgical pathology re-
ports, and 62% of the concepts in hospital discharge
summaries.§ While Table 2 suggests plausible similar

§Since in this experiment the MeSH terms used to represent
report concepts were limited to those terms output by the
PostDoc and Pindex systems, the recall (capture) rate given here
is a lower bound of the recall rate that would occur if all MeSH
terms were available for coding the reports.
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Table 4 n

P Values for the Pairwise Comparisons of the Average Performances of the PostDoc, Pindex, and Union
Systems

PostDoc and Pindex

Precision Recall

Pindex and Union

Precision Recall

PostDoc and Union

Precision Recall

Radiology reports 0.028 0.115 0.249 0.028 0.028 0.028
Pathology reports 0.028 0.917 0.028 0.028 0.028 0.043
Discharge summaries 0.027 0.345 0.028 0.028 0.028 0.028
All 18 reports 0.0002 0.267 0.001 0.0002 0.0002 0.0003

Table 5 n

Lengths of the MeSH-term Lists Output by the
Three Systems According to Report Type*

Average length of MeSH-term list

PostDoc Pindex Union

Radiology reports 12 (5.5) 30 (14) 39 (18)
Pathology reports 15 (3.7) 37 (8.3) 48 (8.4)
Discharge summaries 30 (15) 104 (38) 125 (46)
All 18 reports 19 (12) 57 (41) 71 (48)

*In each cell, the number without parentheses represents the
mean length; the number in parentheses is the associated sam-
ple standard deviation. These results are given to two digits of
accuracy.

ities and differences among the three systems, the
number of reports was small. Therefore, we analyzed
the statistical significance of the patterns observed in
that table.

Table 3 illustrates comparisons of the average recall
and precision of the PostDoc, Pindex, and Union sys-
tems for each type of report. The values shown in the
table were computed using the Friedman nonpara-
metric test. The results in Table 3 indicate that it is
highly likely that the average precisions of PostDoc,
Pindex, and Union were not all the same. A similar
conclusion holds for recall.

Table 4 gives pairwise comparisons of performances
between the systems. These results were computed
using the Wilcoxon signed-rank test. Table 4 indicates
that the higher precision of PostDoc relative to Pindex
was statistically significant, while the difference in re-
call between the two systems was not statistically sig-
nificant. Table 4 indicates that the difference in recall
between Pindex and Union was statistically signifi-
cant, while the difference in precision was not signif-
icant for radiology reports. The table also indicates
that the difference in recall and precision between
PostDoc and Union was statistically significant. Over-
all, the statistical test results summarized in Tables 3
and 4 support the statistical significance of the pat-
terns of recall and precision found in Table 2, as de-
scribed previously.

Table 5 shows the average length of the MeSH-term
lists output by each of the three systems, according
the type of report. The average list length output by
PostDoc was consistently shorter than that of Pindex
across the different report types. As expected, the list
length for the Union system was longer than those of
both PostDoc and Pindex.

Discussion

The results of this study suggest that the union of the
outputs of PostDoc and Pindex provided significantly
better coverage (recall) of clinical concepts than does

either one alone, for radiology reports, pathology re-
ports, and discharge summaries. In general, the frac-
tion of relevant MeSH terms generated for a report
(precision) by Pindex was less than the fraction gen-
erated by PostDoc.

Both the PostDoc and the Pindex approaches could be
refined to produce better performance. As noted in its
description, the PostDoc algorithm employs a number
of empirically derived heuristics. Many of these could
be refined to improve system performance. For ex-
ample, the requirement that 51% of the words in the
source document must appear in the target phrase
could be refined so that negations of a phrase might
be recognized and excluded as possible matches (e.g.,
distinguishing between ‘‘Diabetes Mellitus, insulin
dependent’’ and ‘‘Diabetes Mellitus, non-insulin de-
pendent’’).

Since PostDoc was developed in 1991–92, it uses ver-
sion 1.1 of the UMLS Metathesaurus. We expect that
the use of the current version of the Metathesaurus,
which contains more synonyms and lexical variants,
would alter the performance of PostDoc. In particular,
the increased coverage of the current Metathesaurus
might lead to an increase in PostDoc’s recall, with
possibly some decrease in its precision; additional ex-
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periments will be needed to know the particular ef-
fects on the performance of PostDoc.

The probability threshold at which Pindex includes
terms in its output list could be increased. By altering
this threshold, a user could dynamically trade off re-
call for precision, as needed for performing a given
search.

Currently, Pindex and PostDoc output MeSH terms
from among those in the entire MeSH vocabulary. A
postprocessor that constrains their output to contain
only clinically relevant MeSH terms would be likely
to increase precision, while affecting recall little if any;
such a restricted list of terms could be generated using
semantic types in the UMLS Metathesaurus.

For the radiology and pathology reports, the length
of the Union system’s MeSH-term list was typically
less than 50 terms. It seems plausible that a clinician
user could scan such a list in short order to locate
terms of interest to include in a Medline search ex-
pression. For discharge summaries, however, the Un-
ion system’s MeSH-term list is about 125 terms, which
may be too long to scan in an acceptable amount of
time. The length of the list could be decreased by im-
plementing the filtering methods described in the pre-
vious paragraph.

In summary, the results of this study suggest that
there is a significant benefit to using a hybrid version
of PostDoc and Pindex to represent in MeSH the con-
cepts in clinical text. The coverage of clinical concepts
is expected to be about 60 to 70% complete for radi-
ology reports, pathology reports, and discharge sum-
maries. The extent to which the MeSH vocabulary is
contributing to this incomplete coverage is currently
an open question. In addition, the recall and precision
of PostDoc, Pindex, and Union for other types of clin-
ical reports and uses remain to be studied.

We have reported here a formative laboratory evalu-
ation of the abilities of three systems to identify rele-
vant MeSH terms from clinical text. Such an in-vitro
study seems appropriate at this stage, since the sys-
tems are early in their development. Fundamental is-
sues, however, remain to be addressed by future re-
search. We need to extend our knowledge regarding
clinicians’ patient-specific search needs.1 It is impor-
tant also that we understand better how to incorpo-
rate programs such as PostDoc and Pindex into com-
prehensive patient-specific search systems. We have
much to learn from future experiments that compar-
atively evaluate alternative approaches to performing
patient-specific searches in a clinical setting, including
approaches that incorporate methods similar to those
used by PostDoc and Pindex.

The authors thank Dr. John Vries for providing the Medline files
that were used in training the Pindex system and for providing
the MARS patient records used in this study.
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APPENDIX B.1

Simple Example Illustrating How Pindex is Trained

For brevity, we consider the following text as constituting
the entire text of some article, although it is only a por-
tion of an abstract that we will return to later in this
appendix.

Fourteen months later mitral valve replacement (St Jude) was
performed and the hemolysis ceased promptly.

After application of steps 1 through 4 in the section on
the construction of associations in Pindex, we obtain the
following four subtexts, where an asterisk denotes one
or more stop words, which demarcate the subtexts:

* months later mitral valve replacement * st jude *
performed * hemolysis ceased promptly *

Notice that parentheses are considered ‘‘stop words.’’

For each of the four subtexts, we construct every phrase
of word-length 1, 2, 3, and 4. Consider, for example, the
subtext months later mitral valve replacement. From this
subtext, we create the following phrases:

Phrases of length 1:
months
later
mitral
valve
replacement

Phrases of length 2:
months later
later mitral
mitral valve
valve replacement

Phrases of length 3:
months later mitral
later mitral valve
mitral valve replacement

Phrases of length 4:
months later mitral valve
later mitral valve replacement

The three-word phrase mitral valve replacement occurred
in 88 of the articles from the six months of Medline used
for constructing associations. In contrast, many of the
phrases constructed (particularly nonsensical ones such
as later mitral) occurred only rarely in the article texts.

NLM indexers assigned the following MTs to the article†:

Anemia, Hemolytic
Heart Valve Prosthesis
Mitral Valve
Mitral Valve Insufficiency
Postoperative Complications
Reoperation

A cross product is taken between the above 14 phrases
and the above 6 MTs. Thus, there are a total of 14 3 6 =
84 phrase–MT pairs that are created for this article. For
each pair, the tally for that pair is increased by one, in-
dicating that the pair has occurred in an article. This tal-
lying process proceeds over all articles in the six-month
training set. For example, the pair (mitral valve replace-
ment, Heart Valve Prosthesis) is one of the 84 phrase–
MT pairs. This particular pair occurred in 60 of the train-
ing-set articles. Recall that the phrase mitral valve replace-
ment occurred in 88 of the training-set articles. Thus, the
frequency of Heart Valve Prosthesis appearing as an in-
dexing term (i.e., a MT) of an article that has the phrase
mitral valve replacement (in a title or abstract) is calculated
as 60/88 = 0.68. We use this frequency to estimate the
probability that Heart Valve Prosthesis is a concept de-
scribed in a free-text patient record given that the phrase
mitral valve replacement appears in that text.

†Keep in mind that the text given above for this example is just
a subset of the complete article text. Also, recall that the MTs
shown do not include the check tags or similar terms.
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APPENDIX B.2

Application of Pindex

In the example given we demonstrate the ap-
plication of Pindex to a portion of a medical
chart taken from the MARS hospital infor-
mation system at the University of Pitts-
burgh. Some patient characteristics have been
altered to maintain the anonymity of this pa-
tient.

HISTORY OF PRESENT ILLNESS

Briefly, this is a 72-year-old black female with a
history of insulin-dependent diabetes mellitus,
hypertension, coronary artery disease, status
post myocardial infarction, Paget’s disease
status post left nephrectomy, and renal failure
who presents with right-sided weakness.
. . . [text omitted here for brevity]
The patient was assessed by Physical Therapy
and Occupational Therapy, a source for an em-
bolic event was looked for. Carotid dopplers
were normal and an echocardiogram showed a
mild to moderately enlarged left atrium, mildly
enlarged left ventricle, with abnormal left ven-
tricular wall motion. The basal posterior wall
motion was found to be akinetic or dyskinetic
and the inferior wall motion hypokinetic, with
overall left ventricular function moderately de-
creased. There was no intracardiac thrombus
seen. The patient was started on aspirin.
. . . [text omitted here for brevity]

We restricted Pindex in this example to generate up to 50 MTs. After 20 seconds of processing, Pindex generated the
MTs in the list shown above. The text to the right of the arrow is the phrase that invoked the MT. The MT is shown
just to the left of the arrow. The frequency of the MT occurrence given the phrase is shown in the column on the far
left.


