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ABSTRACT
Reducing custom software development effort is an
important goal in information retrieval (IR). This study
evaluated a generalizable approach involving with no
custom software or rules development. The study used
documents “consistent with cancer” to evaluate system
performance in the domains of colorectal (CRC), prostate
(PC), and lung (LC) cancer. Using an end-user-supplied
reference set, the automated retrieval console (ARC)
iteratively calculated performance of combinations of
natural language processing-derived features and
supervised classification algorithms. Training and testing
involved 10-fold cross-validation for three sets of 500
documents each. Performance metrics included recall,
precision, and F-measure. Annotation time for five
physicians was also measured. Top performing
algorithms had recall, precision, and F-measure values
as follows: for CRC, 0.90, 0.92, and 0.89, respectively;
for PC, 0.97, 0.95, and 0.94; and for LC, 0.76, 0.80, and
0.75. In all but one case, conditional random fields
outperformed maximum entropy-based classifiers.
Algorithms had good performance without custom code
or rules development, but performance varied by specific
application.
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Electronic medical record (EMR) data are becoming
increasingly important for quality improvement,1
comparative effectiveness research,2 evidence-based
medicine,3 and establishing robust phenotypes for
genomic analysis.4 Unfortunately, most EMR implementations were designed to facilitate one-on-one
interactions, not to support analysis of aggregated
data as required by many secondary uses.5 6 As
a result, efforts to ‘repurpose’ clinical data must
contend with few widely implemented data standards and large amounts of potentially useful information stored as unstructured free text.
Researchers have responded with the development and application of natural language
processing (NLP), information extraction, and
machine-learning algorithmsdreferred to here
collectively as information retrieval (IR) technologies. Despite over 20 years of empirical demonstrations of capable IR performance, the complex
nature of the challenge and technical barriers to
entry have hindered widespread adoption and
translation of clinical IR technologies. The Massachusetts Veterans Epidemiology Research and
Information Center (MAVERIC) is addressing this
challenge by attempting to deliver the beneﬁts of

J Am Med Inform Assoc 2010;17:375e382. doi:10.1136/jamia.2009.001412

IR technologies to non-technical end users. The
automated retrieval console (ARC) is software
designed to facilitate clinical IR translation by
providing interfaces and workﬂows to automate
many of the processes of clinical IR.
One process in particular that may be the most
substantial barrier to adoption is the current reliance on custom software and rules or heuristic
development for each individual application. In this
study, we evaluate algorithms incorporated in ARC
that were designed to be capable of achieving
acceptable levels of performance without custom
software development. We hypothesize that success
in this regard will improve accessibility of IR technologies to non-technical users and afford system
developers more time to focus on advancing the
science and technologies of IR, rather than having to
provide software as a service.

BACKGROUND
The application motivating this study is the
retrieval of relevant documents from EMR systems.
The identiﬁcation of relevant documents is
a prerequisite to most secondary data uses, such as
automated quality measurement, medical recordbased research, cohort identiﬁcation, and comparative effectiveness research. Unfortunately, queries
of structured data ﬁelds such as ICD-9 codes and
Current Procedural Terminology (CPT) codes for
secondary data use have proven less than ideal. The
questionable quality of administrative code assignments has been documented extensively since the
rise of administrative code-based reimbursement,7e10
and custom case-ﬁnding algorithms can be time
consuming to develop and must be evaluated for
each application. A solution to this dilemma may be
provided by clinical IR technologies.
In the past two decades, clinical IR has evolved
from a ﬁeld with few researchers working on even
fewer systems11e13 to the release of open-source
components and libraries.14e16 More recently,
researchers in the ﬁelds of computer science and
linguistics have released open-source software
frameworks upon which IR methods can be
developed.17 18 Clinical IR researchers have capitalized on these frameworks, producing modular
pipelines for speciﬁc retrieval applications.18 19 One
such pipeline for clinical NLP is the Clinical Text
Analysis and Knowledge Extraction System
(cTAKES).20 The cTAKES maps free text to
SNOMED concepts and is based on the opensource Unstructured Information Management
Architecture (UIMA).17
375
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Many approaches to clinical IR use open-source implementations of machine-learning classiﬁers to achieve high levels
of performance.21 22 Two supervised machine-learning classiﬁers
used in this study are maximum entropy (MaxEnt) and conditional random ﬁelds (CRFs). MaxEnt is a framework for estimating probability distributions from a set of training data.23
Maximum entropy models have been used in NLP to chunk
phrases,24 for part-of-speech tagging,25 and in a number of
biomedical applications.26e28 A CRF is an undirected graphical
model with edges representing dependencies between variables.29
Peng and McCallum30 showed that CRFs outperform the more
commonly used support vector machines in extracting common
ﬁelds from the headers and citations of literature. Wellner et al21
showed the ability of CRFs to achieve high levels of performance
in the deidentiﬁcation of personal health identiﬁers, limiting
customization to manual annotation of training sets.
Automated IR approaches have proven capable of high levels
of performance across a number of applications, as evidenced by
the results of 10 years of the Message Understanding Conferences (MUCs),31 more than 15 years of the Text REtrieval
Conference (TREC),32 and in the clinical domain, three i2b2
‘shared task’ challenges.33e35 Despite empirical evidence of its
potential, widespread adoption of clinical IR remains elusive.
A small number of systems have proven capable of migrating
beyond empirical evaluation to actual implementation. Fewer
have been adopted beyond the home institution of their developers,36e40 and we know of no clinical IR systems that can be
applied for different retrieval applications without custom
software or rules development.

METHODS
Design of ARC
Current use of clinical IR technologies is heavily dependent on
the system developer. With ARC, we are attempting to either

automate or shift to the end user as many of the processes of
clinical IR as possible. Figure 1 shows the current processes of
clinical IR versus the proposed shift in responsibilities we are
attempting to achieve with ARC.
The ARC design is based on the hypothesis that supervised
machine learning with robust enough feature sets is capable of
delivering acceptable performance across a number of clinical IR
applications. This approach allows us to reduce end-user input to
a reference set that can be used as both the training and test sets
for any one application. Proceeding with this hypothesis, the
challenge becomes how best to enable the end user to perform the
remaining processes of clinical IR use, including annotation,
training versus test set partitioning, performance calculation,
storage of models and results, and deployment on the larger
corpus.
Toward this end, ARC features several interfaces to enable
greater end-user control over the processes of clinical IR. The
ARC menu from which each of the interfaces is launched is
shown in ﬁgure 2.
The ‘Create New Project’ interface is used to establish a
workspace and import samples. This workspace is used to save
the state of any project including models and performance
results across the various interfaces. Annotation can be a
bottleneck in applying IR technologies. The ‘Judge’ interface
shown in ﬁgure 3 was therefore designed to be simple and fast,
featuring one click and shortcut key labeling (‘Y’, ‘N’) and
document advancement (left arrow, right arrow). The reference
set created in the Judge interface is saved to the workspace and
used for model creation and performance calculations. The
‘Kappa’ interface supports the calculation inter-rater reliability
by presenting totals of agreement among judges that can be
exported to statistical packages. The ‘Feature Blast’ interface
iteratively calculates the performance (ie, recall, precision,
F-measure) of different combinations of feature types and

Figure 1 Current processes of clinical
information retrieval (IR) versus those
proposed in the design of the automated
retrieval console (ARC).
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Figure 2 Automated retrieval console
(ARC) menu, showing the various ARC
interfaces.

classiﬁers to determine appropriate combinations for a given
application. The ‘Laboratory’ interface enables developers to
explore and evaluate different approaches to IR. Developers can
use the Laboratory interface to select which feature types and
models to experiment with, tracking the performance of each
combination. The ‘Retrieve’ interface shows the performance of
all models created as part of a project and facilitates deployment
of saved models on larger collections.
The ARC was used to manage all of the processes involved in
this study from sample creation to algorithm evaluation. It was
developed in Java and is available as open-source software at
http://research.maveric.org/mig/arc.html. Users can download
ARC or, thanks to the generous cooperation of the National
Library of Medicine and Dr Guergana Savova, users can download a ‘full’ version of ARC with cTAKES and its UMLS-based
knowledge base installed. The site also features html and video
tutorials designed to use a small collection of simulated
radiology reports.

Approach
The focus of this study was the evaluation of the algorithms
used within the Feature Blast interface to retrieve relevant
documents across a number of different applications with no
custom software development. Building on the collection of
currently available open-source clinical IR software, ARC
combines open-source NLP pipelines with machine learning.

Figure 3 A screen shot of the Judge interface. The annotation
instructions shown in the ‘Help Information’ window is populated as part
of the creation of a new project.
J Am Med Inform Assoc 2010;17:375e382. doi:10.1136/jamia.2009.001412

The ARC uses UIMA-based pipelines for NLP. The UIMA
pipelines can be launched to process text from within ARC, or
complete UIMA project ﬁles can be loaded into ARC. Each
pipeline created in UIMA has an XML-formatted conﬁguration
ﬁle that describes the structured output the pipeline produces.
The ARC reads the XML conﬁguration ﬁle and exposes NLPstructured output as feature types for machine learning classiﬁcation. As a result, any UIMA-based pipeline can be used by
ARC. However, the goal of this study is to design and evaluate
the ability of our approach to perform well across different
applications with no custom code or rules development. We
therefore chose cTAKES, a general concept-mapping clinical
pipeline.20 The transforms performed on clinical data using
cTAKES result in more than 90 different types of structured
output (eg, noun phrases, tokens, sentences, SNOMED codes).
The version of cTAKES available for this study uses a section
boundary detector that is based on the HL7 Clinical Document
Architecture (CDA), which is not widely implemented by the
VA Healthcare System. Therefore one minor modiﬁcation
made to cTAKES was the removal of the CDA-based section
boundary detector and the addition of a regular expression-based
section boundary detector. The ability to make such modiﬁcations easily is a function of the modular design of open-source
NLP frameworks such as UIMA and GATE. An abbreviated list
of some of the structured results produced by cTAKES is
provided in table 1.
For supervised machine learning, ARC integrates the opensource Application Programming Initiative (API) exposed by the
MAchine Learning for Language Toolkit (MALLET).41 In this
study, two particular classiﬁers from MALLET are used:
a MaxEnt classiﬁer and a classiﬁer based on CRFs.
The ability of ARC to reduce developer involvement in the
clinical IR process is predicated on the capacity of the system
to ‘learn’ effective approaches to solving a given IR problem.
After a user provides ARC with a reference set, ARC’s Feature
Blast algorithm uses the following steps to identify which
types of NLP output and machine-learning classiﬁers to
combine for a given application. Firstly, it processes text
documents with the cTAKES NLP pipeline, exposing more
than 90 NLP-derived feature types (eg, noun phrases, tokens,
SNOMED concepts) for supervised classiﬁcation. Using 10-fold
cross-validation, the system partitions both the training and
test sets and calculates the performance of each individual
377
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Table 1

Abbreviated list of cTAKES structured output

UMLS concept (CUI)

Sentence number

Measurement annotation

Named entity

Roman numeral
annotation
New line token
Range expression

UMLS concept semantic type
(TUI)
Negated named entities
Negated CUIs

Location expression
Time annotation
Fraction annotation
Symbol token

Number token
Person/title annotation
Size expression
Unit expression

Word token
Canonical form of word
token
Noun phrase
Verb phrase
Adjective phrase
Adverb phrase

Our second algorithm, combining top scoring feature types
and negation is deﬁned as:
Configuration

Feature type combinations

1e5
6
7
8
9

Algorithm 1 combinations
Highest recall + highest precision
Highest recall + negated text
Highest precision + negated text
Highest recall + highest precision +
negated text

Data collection and sampling
NLP-produced feature type using all available machine-learning
classiﬁers. The performance of each of the individual feature
types and classiﬁer combinations is stored to the workspace.
The optimal combination of feature types and classiﬁcation
algorithms could be determined by calculating all possible variations. However, with greater than 90 different feature types and
two classiﬁers, the cost in time would be prohibitive. Instead, we
explored the performance of two different algorithms designed
to identify favorable combinations more efﬁciently. The two
algorithms used to determine those combinations are described
below.
1. Algorithm 1: top scoring combinations
The ﬁrst algorithm used by Feature Blast to determine optimal
combinations evaluates all combinations of the ﬁve top scoring
feature types or classes (eg, noun phrases, concepts) using either
selected or all available classiﬁcation algorithms. Algorithm 1
reduced the process to a manageable 52 iterations (26 combinations of feature types multiplied by two classiﬁers). The ﬁve top
scoring feature types are deﬁned as:
Configuration

Feature type combinations

1
2
3
4
5

Highest F-measure
2nd highest F-measure
3rd highest F-measure
Highest recall not already included
Highest precision not already included

2. Algorithm 2: top score + negation
A limitation of the ﬁrst algorithm is its exclusion of feature
types that score poorly as the only feature types in consideration but may add value as part of a combination of feature
types. The one feature type that most obviously falls into this
category is negated concepts or phrases. For example, in classifying imaging reports consistent with cancer, evidence of
negated concepts (eg, ‘no evidence of cancer ’) may add value.
The cTAKES assigns negation to both named entities and
UMLS concept unique identiﬁers (CUIs). A named entity is an
atomic element or ‘thing’ found in the text, usually mapped
from a noun phrase (eg, ‘heart attack’). Several different named
entities can mean the same thing (eg, heart attack, myocardial
infarction, MI), and therefore named entities are often mapped
to unique concepts such as UMLS CUIs (eg, heart attack ¼
CUI C0027051). The ARC supports the conversion of negated
entities and concepts to features by allowing the user to
specify a preﬁx or sufﬁx to any feature type through the user
interface. For example, by adding the preﬁx ‘neg’ to all negated
named entities (eg, ‘cancer’), ARC will pass ‘neg-cancer ’ as
a feature to the classiﬁer. In each case, we chose the highest
scoring conﬁguration of negation, selecting either the negated
named entity or the negated CUI based on the highest Fmeasure.
378

In this study, we evaluate the ability of ARC to retrieve relevant
documents from the collection of relevant and irrelevant documents returned from ICD-9 code-based queries. To test the
ability of our approach to generalize across different applications, three samples and targets for retrieval were used: (1)
imaging reports consistent with lung cancer; (2) pathology
reports consistent with colorectal cancer (CRC); (3) pathology
reports consistent with prostate cancer. For each sample, 500
documents were chosen at random from documents created
between 1997 and 2007 at hospitals within the New England
Veterans Integrated Service Network (VISN 1). Our original case
ﬁnding queries for identifying the collections from which
samples were selected were as follows.
For CRC:
< Select all pathology reports within 60 days before and 60 days
after the ﬁrst appearance of ICD-9 codes 153.x, 154.x.
For prostate cancer:
< Select all pathology reports within 60 days before and 60 days
after the ﬁrst appearance of ICD-9 codes 185.x.
For lung cancer:
< Select all imaging reports within 60 days before and 60 days
after the ﬁrst appearance of ICD-9 codes 162.x.
We considered only the ﬁrst appearance of a targeted ICD-9
code, regardless of assignment position (primary code, secondary
code, etc). These samples were used to create ‘gold standard’
reference sets for both training and testing the algorithms.

Creation of reference sets
For each of the three samples, two physician judges assigned
values of ‘relevant’ or ‘irrelevant’ to each of the 500 documents.
A third physician judge served as ﬁnal adjudicator for any
disagreements. A total of ﬁve physicians participated in the
creation of the three reference sets. Reviewers were instructed to
base their assessment of relevance on whether each document
was ‘consistent with a diagnosis of cancer.’ They were instructed
to ignore any clinical history and instead focus on the immediate
report of the pathologist or radiologist. In-situ cancers in the
colon or rectum were counted as CRC, and prostate intraepithelial neoplasia was counted as prostate cancer. For CRC and
prostate cancer, even if the subject of the report was tissue
outside of the organ of interest, if the pathologist recorded CRC
or prostate cancer, the reviewers were instructed to classify the
document as consistent with the particular cancer of interest.
Whereas the pathology report is the primary document for
recording a diagnosis of prostate cancer and CRC, imaging reports
are less likely to contain conclusive evidence of a lung cancer
diagnosis. Instead, lung cancer diagnoses may be determined by
a combination of imaging studies, biopsies, and/or laboratory
results. Despite the potential inconclusiveness of imaging reports
for lung cancer, they are considered important documents for
ﬁnding lung cancer cases and monitoring cancer progression.
J Am Med Inform Assoc 2010;17:375e382. doi:10.1136/jamia.2009.001412
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They also provide the opportunity to test the performance of our
approach on a sample of documents with less structure and with
less agreement between judges. The imaging reports in this study
were generated from a number of study modalities including xrays, CT scans, and MRI.

Study design
In order to evaluate the effectiveness of the proposed approach,
we captured the performance of individual feature types and
both classiﬁers for all three samples as well as the performance
of algorithms 1 and 2 using both classiﬁers. In all experiments,
performance was measured in terms of recall, precision, and
F-measure using 10-fold cross-validation. The performance of
the NLP system has a direct effect on the quality of the features
produced for classiﬁcation. However, the focus of this study does
not include a speciﬁc evaluation of cTAKES’ performance on the
samples used. Figure 4 illustrates the design of the study.

RESULTS
The percentage of documents in the samples found to be
consistent with CRC, prostate cancer, and lung cancer by the
judges was 16.6%, 18.8%, and 28.6%, respectively. Reference set
creation and distribution information, including annotation
time, kappa scores, self-reported time to annotate 500 docu-

ments, and the number of documents adjudicated by a third
judge is provided in table 2.
The top recall, precision, and F-measure for each sample and
the classiﬁer/feature type combinations with which they were
achieved are shown in table 3.
A total of 98 different types of structured output were
produced by cTAKES. In all cases except in the precision of lung
cancer document retrieval, CRFs outperformed MaxEnt. In most
cases, the canonical form of word tokens, named entities, and
CUIs were among the top scoring feature types. The top scoring
feature types varied depending on the application and, in some
cases, the classiﬁcation algorithm used. For example, using
MaxEnt to classify prostate cancer pathology reports, named
entities were the top scoring feature type in recall, precision, and
F-measure. However, named entities scored second in recall,
fourth in precision, and fourth in F-measure for the same application using CRFs as a classiﬁer. Certain feature types scored
strongly in either recall or precision (eg, recall of CUIs for prostate
cancer reports), suggesting that their inclusion in a model may be
advantageous, depending on the clinical use-case.
Algorithm 1, which combined top scoring feature types (eg,
CUI + noun phrases), matched or outperformed classiﬁcation
attempts using individual feature types (eg, CUIs) in all cases
but one. For example, algorithm 1 achieved an improvement in
F-measure of approximately three points compared with the top
scoring individual feature in CRC classiﬁcation (0.89 vs 0.86).
The exception was the recall performance of the individual
feature CUIs in classifying CRC (0.90 vs 0.88). Algorithm 1 also
promoted negated named entities into consideration, resulting in
the top precision score for all attempts at lung cancer document
identiﬁcation.
The addition of negation in algorithm 2 had an adverse effect
on performance in some cases. For example, the recall of CRC
reports using CRFs experienced a greater than two point drop
when CUI was combined with negated CUIs. A three point drop
in F-measure was experienced with the addition of negated CUIs
to CUIs for the same CRC sample using MaxEnt (0.85 to 0.82).
The few gains realized from the addition of negation were
minimal.

DISCUSSION
Overall performance in context

Figure 4 A graphical representation of the study design. CRC,
colorectal cancer; CRF, conditional random field; MaxEnt, maximum
entropy; NLP, natural language processing.
J Am Med Inform Assoc 2010;17:375e382. doi:10.1136/jamia.2009.001412

The assessment of what is considered acceptable performance is
dependent on the intended secondary use of the data. That said,
we see promise in the ability to create, evaluate, and deploy
clinical IR across different applications at the performance levels
achieved in a matter of hours rather than days or weeks. For the
retrieval of CRC and prostate cancer reports consistent with
cancer, the proposed approach was able to identify cases with
F-measures of greater than 0.88 and 0.93, despite a collection
with relatively few true positives to train on (83 for CRC; 94 for
prostate). Classiﬁcation of radiology reports consistent with
lung cancer proved to be more challenging to both our algorithms and our physician judges, as indicated by the inter-rater
reliability among the physician judges (k¼0.73). An F-measure
of 0.75 is not unexpected in light of the disagreement among the
physician judges. A more appropriate approach to imaging
report classiﬁcation may be the inclusion of a third class to
represent ‘not enough information.’
The performance degradation resulting from the inclusion of
negated named entities and CUIs may indicate that negation is
not a valuable contribution to such classiﬁcation applications. It
may also be due to poor performance of the NegEx-based
negation detector included in cTAKES. The version of cTAKES
379
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Table 2

Reference sets for colorectal cancer (CRC), prostate cancer, and lung cancer samples

CRC (n[500)

Physician A

Physician B

Cohen’s kappa

Physician D (adjudicator)

Final reference set

Positives/reviewed
Estimated time to annotate (min)
Prostate cancer (n¼500)
Positives/reviewed
Estimated time to annotate (min)
Lung cancer (n¼500)
Positives/reviewed
Estimated time to annotate (min)

83/500
90
Physician A
94/500
60
Physician A
157/500
60

89/500
90
Physician C
94/500
80
Physician D
142/500
90

0.92

3/12

83/500¼16.6%

Cohen’s kappa
0.99

Physician D (adjudicator)
1/2

94/500¼18.8%

Cohen’s kappa
0.73

Physician E (adjudicator)
22/57

143/500¼28.6%

used in this study uses an older version of NegEx, which has
since been improved upon. A cursory review of cases did not
indicate poor performance of the negation module. However,
a thorough analysis of the performance of the individual feature
types is an important topic for future investigation.
By focusing on streamlining processes through the development of generalizable algorithms, we do not anticipate best
possible performance for all applications. Instead, we expect to
sacriﬁce some performance that might otherwise be realized
through code customization in exchange for the ability to move
from one application to another with manual annotation as the
only requisite input. While our focus in this study is the evaluation of solutions that require no custom code, ARC incorporates the structured output of NLP. Therefore the results of any
custom code written for inclusion in a UIMA pipeline can be
used as features for classiﬁcation by ARC. For example, in
a follow-up experiment, we incorporated a lymph node annotator component from IBM’s open-source UIMA-based MedKAT
pipeline42 and realized an approximately 0.1 point improvement
in recall, precision, and F-measure for classifying prostate cancer
cases using MaxEnt.
The development of a one-click annotation interface helped
keep annotation times for all ﬁve participating doctors between
60 and 90 min for 500 document samples. The reduction of
annotation time from 90 to 60 min for the one physician annotating multiple samples indicates some beneﬁt from familiarity.
Total processing time per sample, including generating NLPTable 3

Top scoring combinations for each sample

Cancer

Classifier

Feature(s)

Colorectal cancer
Recall
0.90
Precision
0.92
F-measure
0.89

CRFs
CRFs
CRFs

Single feature (CUI)
Algorithm 1 (token+named entity)
Algorithm 1 (token+named entity)

Prostate cancer
Recall

0.97

CRFs

Precision

0.95

CRFs

F-measure

0.94

CRFs

Single feature (CUI)
Algorithm 1 (CUI+date)
Algorithm 2 (CUI+neg. CUI)
Single feature (token)
Algorithm 1 (token+date)
Algorithm 2 (token+neg. CUI)
Single feature (token)
Algorithm 1 (token+date)
Algorithm 2 (token+neg. CUI)

Lung cancer
Recall

0.76

CRFs

Precision

0.80

MaxEnt

F-measure

0.75

CRFs

Single feature (canonical)
Algorithm 1 (canonical+measurement)
Algorithm 1 (canonical+token+negated
named entity)
Algorithm 1 (canonical+measurement)

CRF, conditional random field; MaxEnt, maximum entropy; CUI, concept unique identifier;
neg. CUI, negated concept unique identifier; canonical, canonical form of a word.

380

derived features and calculating iteration performance, was
approximately 1.5 hours. All models created are serialized by ARC
and can be deployed on other collections using the Retrieve
interface. Maintaining short annotation times will be more
challenging as we shift from document-level to concept-level IR.

No single ‘best feature’ or ‘best model’ for clinical IR
There was a trend toward strong performance of individual
feature types such as tokens or their canonical form. This reinforces the ﬁndings of Salton and others decades ago who
showed the power of simple tokens as features for document
retrieval.43 44 However, the results also showed that different
feature types, different feature type combinations, and different
classiﬁcation algorithms performed best depending on the
application. Some unexpected feature types proved valuable
for achieving top classiﬁcation scores. For example, canonical
form + punctuation or measurement annotation was an unexpected combination that scored the highest precision for lung
cancer retrieval. Also unexpected was the one case in which
MaxEnt outperformed CRFs after consistently performing
several percentage points lower in most other applications. This
variation occurred despite the similar nature of the application
and, in the case of prostate cancer and CRC classiﬁcation, similar
document types. These ﬁndings imply that there is no optimal
conﬁguration for all clinical IR applications and offers support
for our attempt to learn favorable combinations from multiple
feature types and classiﬁers.

Benefits of open-source clinical IR
The approach to clinical IR explored in this study capitalizes on
the efforts of those that have previously developed and released
open-source IR software. As a result of packages such as MALLET,
UIMA, and cTAKES, we were able to focus on improving the
processes involved in clinical IR and produce an open-source
product in the relatively short span of six months. We expect that
ARC will continue to beneﬁt from the model of open-source
software development. As new NLP components, pipelines, or
machine-learning classiﬁers are released, they can be easily incorporated, extending their advantages to ARC users. Similarly, we
hope that others will ﬁnd ways to improve the processes
currently exposed by ARC.

Quality of administrative code assignment
The focus of this study is the evaluation of algorithms that we
hypothesize can be used as part of an effort to streamline the
processes of clinical IR to lower the cost of adopting this important technology. The questionable quality of ICD-9 code assignment and the challenges it presents to secondary data use
provoked the choice of this particular clinical IR use-case. While
this study was not designed to answer questions pertaining to the
quality of ICD-9 code assignment, we did not expect true positive
rates of only 17e29% based on the case-ﬁnding technique used.
J Am Med Inform Assoc 2010;17:375e382. doi:10.1136/jamia.2009.001412
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Concerned that we had an error in our ICD-9 code-based caseﬁnding algorithm, we conducted reviews of 30 randomly
selected false positives in each of the three samples for a total of
90 reports. The reviews showed that many of the false positives
were reports related to the appropriate anatomy but without
evidence of a cancer of interest (lung 43%, CRC 30%, prostate
1%). Dermatological analyses (skin lesions, biopsies, etc)
comprised 30% of the total false-positive pathology reports. In
many cases, the reports were focused on anatomy within close
proximity of the anatomy of interest (eg, 23% of prostate
assignments were for colorectal anatomy). In some false positives,
the reports indicated a prior history of cancer. As a result, these
numbers do not indicate that only 17e29% of the patients with
the targeted ICD-9 codes ever had cancer. Instead, the numbers
indicate that 17e29% of pathology or imaging reports appearing
within 120 days of cancer-related ICD-9 code assignment were
consistent with cancer. The low rates of true positives does
emphasize the need for careful consideration of the quality of
electronic medical data in light of the growing number of
proposed secondary uses.

CONCLUSION
We theorize that greater adoption and translation of clinical IR
can be achieved by reducing several of the dependencies of
clinical IR on IR researchers and system developers. This study is
a ﬁrst step toward streamlining the processes of clinical IR in an
effort to facilitate translation. In the process we achieved
encouraging levels of performance with minimal time between
applications and with no custom code or rules development.
Our results show that the performance of various combinations
of feature types and even classiﬁcation algorithms is contingent
on the application, supporting the potential of our approach.
There are limitations to this overall approach and the speciﬁc
study conducted. Firstly, this study was an evaluation of technical feasibility, with performance measured in terms of recall,
precision, and F-measure. Our goal of increased translation of
clinical IR technology is not only dependent on performance in
terms of system accuracy but also on usability. This study does
not measure that critical aspect of system design. In addition,
while document retrieval is an important prerequisite of most
efforts at secondary data use, ARC will remain of limited utility
until it is extended to perform concept-level IR (eg, retrieval of
tumor stage from pathology reports).
Having explored the potential of an approach to document
retrieval without custom code or rules development, we are in the
process of extending ARC to address both concept-level and
patient-level IR. This requires a rethinking of the document- and
concept-oriented data structures and workﬂows of current IR to
allow patient-level inference. A signiﬁcant challenge will be
providing such robust functionality while maintaining our
emphasis on delivering the capabilities of IR to non-technical end
users. Future work will also include the incorporation of alternative approaches for optimal feature type selection and the addition
of other proven classiﬁers such as support vector machines.
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