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Abstract. INTRODUCTION: Free text sections of the Electronic Med-
ical Records (EMR) contain information that cannot be appropriately
constrained in the structured forms. Several studies have shown the po-
tential utility in mining EMR free texts for identifying adverse events
(e.g. EU-PSIP, EU-ALERT), and large public-private research projects
(e.g. IMI-EHR4CR, CLOUD4HEALTH) aim at mining them further,
e.g. for clinical trial optimisation and pharmacovigilance purposes.
AIM: The purpose of this work has been to assess the performance of
LUXID®), an off-the-shelve commercial natural language processing sys-
tem, using the dictionary- and rule-based Medical Entity Relationships
Skill Cartridge®and KNIME as automation workflow engine for result
combination and formatting, on the University of Pittsburgh BLULab
NLP Repository benchmark, in the context of the TREC 2011 Medical
Records Retrieval Track (TREC-MED2011).

RESULTS: The system here described achieved the best score for one of
the 34 queries (defined as query 111) and overall classified as top 7Tth-8th
(according to the scoring used) in the manual track of TREC-MED2011.
More than 80% of the queries of TREC-MED2011 could be appropriately
processed automatically. Performance of manually interpreted queries did
not differ substantially from those automatically processed. More than
60% of the queries submitted by our system delivered a performance
above or on the median of all participants. Very high precision of the
system, delivering in certain cases a very low number of hits, correlated
statistically with the overall performance.

CONCLUSIONS: Initial results, error analysis are reported and strate-
gies for improvements of the system are outlined; fully supporting the
appropriateness in using this technology for identifying patients match-
ing inclusion/exclusion criteria using plain text from unstructured EMR.
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1 Introduction

"An electronic health record (EHR) is a real-time, point-of-care, patient-centric
information resource for clinicians that represents a major domain of health
information technology. More recently, an EHR has been defined as "a longi-
tudinal electronic record of patient health information, produced by encounters



in one or more care settings." It includes patient information such as a prob-
lem list, orders, medications, vital signs, past medical history, notes, labora-
tory results, and radiology reports, among other things. The EHR generates a
complete record of a clinical patient encounter or episode of care and under-
pins care-related activities such as decision making, quality management, and
clinical reporting. Some authors distinguish between the terms EHR and elec-
tronic medical record (EMR), with EMR, focusing on ambulatory care systems.
"[16]. Electronic handling of personal medical information has the potential of
greatly improving the quality and efficiency of patient care, decreasing medical
errors[19], and revolutionising medical research[17]. Although the use of EHR
have structural and process benefits[11], direct benefits for the patients might
take a while to be achieved[15] and patient portals had little effect on patient
empowerment[1]. It has been demonstrated that spontanous adverse events are
greatly under-reported and EHR-based, triggered adverse drug events reporting
has the potential to solve this problem[13]. Furthermore, electronic screening
has been shown to improve efficiency in clinical trial recruitment, and natural
language processing is expected to enhance that process further[14].

Hospital medical records are an important repository of medical knowledge,
that could be used to improve drug safety monitoring[8] and patient safety
through prevention of potential adverse drug events[4].Phenotypic information
extracted from free text of EHR has been used to discover disease correlations
and stratify patient cohorts[5]. A large amount of information in the EMRs is
stored as numerical format, such as measurements of blood parameters, blood
pressure, weight, drug administrations, etc[19]. However, "In electronic medical
records (EMRs), medication data are often recorded in narrative clinical notes.
For example, hospital discharge summaries usually contain some instructions on
medications after discharge (eg, "Will start Orapred x 5 days and increase Pulmi-
cort to 0.5 mg inh BID"), and outpatient clinic visits often document medication
changes."[18]. In spite of errors in the EMRs, the mining of those databases has
been shown to be very valuable[12].

Collaborative research projects such as EU-ALERT! and EU-PSIP?, have
fostered the medical research and development by bringing together academia
and industries on various techniques to automatically analyse information from
electronic health records for research purposes. Further projects such as IMI-
EHR4CR? and CLOUD4HEALTH # are aiming at further progressing the field,
the latter particularly with a focus on the free text parts of the electronic health
records. Competitive assessments such as TREC-MED?, and 12B2% have pro-

! EU-Adverse Drug Reaction, http://www.alert-project.org/

2 EU-Patient Safety in Intelligent Procedureshttp://wuw.eu-psip.org/

3 Electronic Health Records for Clinical Research, http://www.ehrécr.eu/

* http://www.trusted-cloud.de/documents/cloud4health_Gesamtpraesentation.
pdf

® Text REtieval Conference Medical Track, http://trec.nist.gov/

5 Informatics for Integrating Biology and the Bedside, https://wuw.i2b2.org/



vided ground for open development, evaluation, and benchmarking of medical
information extraction technologies.

Forster et al. [9] applied a commercial search engine” to scan discharge sum-
maries for the presence of 104 terms that potentially indicate an adverse effect.
They indicated the potential use of the automatic system to replace expensive
manual searches performed by the medical professionals. Brown et al. [6] used a
general purpose indexing engine on the U.S. Department of Veterans Affairs na-
tional scale hospital information system, whose content is mostly unstructured
text, to automatically encode clinical concepts in SNOMED CT®. Meanwhile,
major text mining products (e.g. I2E?, LUXID®'°, SAS®Text Miner'!) have
been used to extract medical findings from texts.

This paper reports on the application of the Medical Entity Relationships
Skill Cartridge®(MER) [10]'2, LUXID®text mining engine, and KNIME|3|'3
Open Source technology to semi-automatically find patient visits matching the
34 queries of the TREC-MED2011 dataset.

MER uses the MeSH Medical Subject Headings thesaurus'# and other tax-
onomies, as well as heuristics to find entities like Cell and tissue terms, clinical
trial terms, diagnostic terms, disorder terms and others; and to find relationships
such as Cell, Cell disease, Diagnosis, molecular targe, therapy, adverse event and
others!®,

Our system includes a dictionary- and rule-based approach with linguistic
variant generation to identify medical entities and relationships[2], a lucene 1°
based search engine, and a graphical workflow platform (KNIME) to automat-
ically identify the patient visits and to format the results according to TREC-
MED2011 track requirements. The results achieved are very positive and support
further efforts in the refinement of the approach to identify patients matching
inclusion/exclusion criteria using deidentified free text.

2 Methods

Figure 1 shows an illustration of the procedure adopted in this work. Basically,
the TREC-MED2011 dataset (hereafter referred as "corpus") has been processed
with LUXID®engine, indexing it with MER and making it accessible also as full
text index with the integrated open source lucene engine.

The queries have then been processed according to two different protocols:
Automatic: the query is processed with the MER, entities are recognised by the

" http://dtsearch.com/

8 http://www.snomed.org/

9 http://www.linguamatics.com/

10 http://www.temis.com/ http://www.mondeca.com/Research/Projects/
Y http://www.sas.com/

12 https://clara.uib.no/files/2010/09/Geissler.pdf

3 http://www.knime.org/

" http://www.nlm.nih.gov/mesh/

15 https://clara.uib.no/files/2010/09/Geissler.pdf

6 http://lucene.apache.org/
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Fig. 1. Overall strategy used in this work.
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tagger. The corpus is then queried with those entities. M anual: In case that the
Automatic procedure did not returned any entity, then the query has been pro-
cessed manually, compiling a short full text pattern. The list of visit identifiers
returned by the system have been downloaded and processed by a KNIME work-
flow to finally generate the outputs required by the TREC-MED organisers, after
validation with the Med.pl script provided by TREC-MED organisers. In order
to evaluate the performance of the various submissions, the organisers computed
several performance indicators, using the trec-eval software!”. These included:
bref or binary preference,computes a preference relation of whether judged rel-
evant documents are retrieved ahead of judged irrelevant documents|7];r-prec
is the precision after R documents [7]. To facilitate interpretation of results,
score classes "below, median, above" were computed by us according to table
1, and rows were colour coded: red rows are those for which none of the visit
identifiers were judged positive in the corpus; the blue row is the one where
LUXID@®)delivered the top score of all participants.

Table 1. Result scoring procedure.

class function
below if Merck-score lower than 90% of the TREC-MED median
above if TREC median lower than 90% of Merck-score
median in any other case not covered above
3 Results

Table 2 contains the primary results of this work.

3.1 Resource usage

Loading, parsing, semantic tagging with MER and indexing of the full text of
the TREC-MED corpus of over 100,000 medical records required 72 hours, on
a dedicated 4 CPU windows server. A limit of 10 minutes has been applied on
manual query processing (including search), thus a total of 1 hour was needed for
this step. Construction of the KNIME workflow required 30 minutes, including
the processing with the Med.pl script provided by the TREC-MED organisers.
Query processing and export from LUXID®required approximately 5 minutes

per query.

3.2 Query processing, Automatic versus Manual

As reported in Table 2, more than 80% of the queries were processed automati-
cally and delivered consistent results. Only 6 queries could not be automatically

'" http://trec.nist.gov/trec_eval/index.html



mapped and required manual intervention, however, their performance did not
differ much from those generated automatically.

3.3 Relative performance, comparison with other systems

Our approach achieved the best score of the TREC-MED competition for one
of the queries (id:111), while 29.4% of the queries achieved a performance sta-
tistically significantly better than the median, and 29.4% approximately on the
median of the whole competition. The method here described ranked as top 7-8
out of 18 manual runs[20].

3.4 Absolute performance measurements

Inspite of the excellent ranking in the TREC-MED competition, shown in Table
2, the absolute performance has been less than optimal with approximately 40%
of the queries. Figure 3 reports for each of the runs and overall the precision
and recall curves. These results correlate well with the performance indicators
of Table 2 and show that the system is reliable although not maximally efficient
(low precision at high recall values). These measurements are key indicators
that will guide further refinements of the application, aimed at increasing the
precision while retaining high recall.

101 102 103 104 108 106

0 | R - S N I T | - .
107 108 109 110 111 112

| S : ) S i L N -

13 14 115 118 "r 118

119 120 Tt 122 123 — 124
1 =
A - = \
05 g - - \
o \ \
0 e . B s SR 2 N e
725 126 127 128 129 3
1 ~
! N
05 i
— e - 3 “\
0 \. T S S i | i————— H \‘ - S
132 133 134 135 all

{
/
[}
|
000 —
o~
I
I
V4
[

il
020
040
050
a0
1.00
000
020
040
060
na0
1.00
020
040}
sl
080
100
0.00
020
040
060
080
100
000
020 ¢
4o
060
080
1.00
0o
020
040
060
n&0
1.00

Fig. 3. Precision-recall measurements.



3.5 Error Analysis

Kruskal-Wallis analysis applied on the Table 2 is reported in Table 3 and shows
that indeed a moderate correlation exists between the number of terms used in
the search strategy and the categorical assignment. At the time of the runs, we
were not able to obtain the absolute score for each document, and simply sub-
mitted the documents according to their rank. The system provided an intrinsic
"cut" below which hits are not returned. This feature of the system that pro-
tects the users from low value hits, was also the reason for some of the low scores
achieved in less than a third of the runs. Our system did not deliver any result
matching the corpora expert annotation for 6 queries (id:115, 116, 117, 118, 126
and 128). An in depth error analysis for these queries is ongoing, however initial
results show that the corresponding queries were done appropriately, and should
have matched the entities identified by LUXID®)or in the free text. Therefore,
we expect the issue being in the scoring function of lucene or possibly in loading
or indexing errors.

4 Conclusions

The Medical Entity Relationships Skill Cartridge®combined with the LUXID ®user
interface for search and analytics delivered the best performance in the TREC-
MED competition for a specific query, and above median or median performance

on over 2 thirds of the queries. These results, the first reported for this industrial
text mining software on electronic health records, are very positive and support
further efforts in the refinement of the approach to identify patients matching
inclusion/exclusion criteria using deidentified free text.

Inspite of these excellent relative ranking, the automatic processing of the
queries needs to be improved in order to achieve high rankings for 100% of the
queries. Furthermore, the precision of the system needs to be improved, also
increasing the number of document ids returned. Detailed error analysis and
quantitative assessment with the valuable corpus will be the guiding principles
to further improve the precision of the system, however the tagging is shown to
be appropriate, with high precision and moderate recall.
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Table 2. Performance of Automatic and Manual query processing. ¢ry identifier of
the TREC-MED query; n terms number of terms in the (manually or automatically)
generated query; n hits number of documents returned by LUXID®); bref or binary
preference;r-prec or precision after R documents. See Materials and Methods.

qryn terms n hits  bref score r-prec score

101 1 250,1574 below 0,1622 below
102 2 167 0,253 below 0,2697 median
104 2 12 0,7037 median 0,7778 median
105 1 2685 0,83 median 0,4621 median
106 4 3252 0,5416 [Jabove 0,3059 [Tabove
107 1 13 0,327 median 0,3478 above
108 2 270,0769 [Jabove 0,0769 median
109 2 38 0,1199 below 0,122 below
110 1 30 0,1455 below 0,1474 below
111 3 50 0,6304 above 0,7143 [Jabove
112 1 2401918 below 0,1918 below
113 2 870,6071 [JaBGVE 0,5714 [Nabove|
114 3 111 0,0727 below 0,0727 below

116 2 11 0 below 0 below

117 1 75 0 below 0 below

118 1 4 0 below 0 below
2

119 13 0,0855 below 0,087 below

3 1358 0,2594 0,3

median

2 44 0,1667
125 2 21 0,0561 median 0,0714 median
126 1 249 0 below 0 below
127 1 340 0,6544 below 0,5059 median
128 2 2 0 below 0 below
2

167 0,4507 0,3962

2 1691 0,77 below 0,2234 below
2 41 0,205 0,3
1
2

70,0562 below 0,0588 below

135 196 0,5613 0,4576




Table 3. Kruskal-Wallis analysis of the Table2.

numerical categorigal P-value
r-prec Merck r-precscore 7.17E-005
bpref Merck r-precscore 6.95E-004

r-prec Merck medianscore 4.66E-003
r-prec Merck medianscore 1.54E-002
n terms medianscore 2.67E-002
n terms r-precscore 7.96E-002




