JMIR MEDICAL INFORMATICS

Temporal Pattern 3: Identifying Adverse Events During
a Period Between the Initial and Final Medications

This pattern assumes that the impact of a certain drug extends
from its initial medication date to its final medication date, and
it is to identify the adverse events during this period. The drug
administration period estimated in this pattern could include
extended time periods during which the drug had not been
administered, and thus, it is possible that the defined drug
administration period significantly deviates from the actual drug
administration period. However, because the effects of some
drugs could continue for an extended time period after drug
administration has ended, this pattern identifies adverse events
of these types of drugs whose effects extend beyond the end of
the medication period.

Temporal Pattern 4: Excluding Adverse Events
Immediately Before an Initial Medication

This pattern is to increase the degree of certainty of a causal
relationship between a drug and an adverse event by excluding
the adverse events immediately before initial medication of the
drug.

Experiment Settings

In the next section, we first show a summary of created RDF
data to use in this experiment. To ensure the impartiality of the
benchmark results, all segments of the HL7 messages were
converted to RDF data, rather than arbitrarily deleting
unnecessary segments. We then explain three types of query in
use cases for detecting ADEs, which are available in our
proposed method and show the execution results of searches
using these queries. The goal of our experiments was not to
investigate specific adverse events, but rather show that it is
possible to search over the RDF-ized HL7 messages using
SPARQL queries that combine external knowledge and temporal
patterns. So, we finally present results of a benchmark that
measures the execution time to show that the searches over
RDF-ized HL7 messages through SPARQL provide a feasible
response speed.

To show the relationships between the execution time of the
query and the amount of data, we divided whole HL7 messages
equally into 10 subdatasets in which the HL7 messages were
arranged in ascending order of the date of administration. Then,
we measured the execution time of the queries issued five times
at each point by increasing every subdatasets. We tested two
types of query expressions for each three query in order to
compare our proposed query expression with a conventional
one. The proposed query uses the Linked Drug Data dynamically
by SPARQL federation function in the manner as shown in
Figures 5 to 7 below. The conventional query enumerates the

Table 2. Summary of the RDF-ized HL7 messages.
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individual drug codes in SPARQL filter keyword in advance,
which were obtained from the Linked Drug Data separately.
Thus, the execution time of the proposed query included, (1) a
time to search for individual drug codes from an expression like
"renin angiotensin inhibitors" by accessing to Linked Drug Data
and (2) a time to search for medication records of RDF-ized
HL7 data based on the searched drug codes. On the other hand,
the execution time of the conventional query did not include a
time to search for the individual drug codes because they are
enumerated in advance.

We measured the execution time after relaunching the RDF
store and clearing the cache each time a query was executed.
Therefore, the execution time included the time it takes to load
the data to memory, execute the query, and display the execution
results. As we observed that the execution speed dropped
drastically when SPARQL queries were not completely
optimized through automatic optimization, we manually
optimized the execution sequences and then locked them using
functionality available in Virtuoso. With regard to the
environment for executing queries, the RDF-ized HL7 messages
and the Linked Drug Data were stored in two different SPARQL
endpoints on a secure network. For the RDF-ized HL7 messages,
we used hardware with Intel Xeon 2.60 GHz processors and
256 GB random access memory (RAM). For the Linked Drug
Data, we used hardware with Intel Xeon 2.20 GHz processors
and 128 GB RAM. Both pieces of hardware ran the CentOS6.5
operating system, and Virtuoso Open-Source Edition 7.1.0 was
used as the RDF store.

Results

Converted RDF Data

The University of Tokyo Hospital is an educational hospital
with more than 1100 beds and 760,000 visits annually. Since
2011, the hospital has been collecting data in the form of HL7
messages in a SS-MIX2 storage. From these collected data, we
used the medication orders and laboratory test results during
the 3-year period from January 1, 2011 to December 31, 2013.
There were approximately 148,000 unique patients, and the
number of HL7 messages included was 1.9 million for
RDE™O11 (medication orders) and 2.1 million for OUL"R22
(laboratory test results). We then converted them into RDF
using the method explained earlier. Approximately 650 million
RDF triples for RDE*O11 and 790 million RDF triples for
OUL"R22 were converted, and the average number of triples
in one message was 360. It was also that the approximate time
to convert HL7 messages into RDF were 17 hours and 30
minutes for RDE®O11 and 25 hours 10 minutes for OUL"R22
when we used single CPU (Table 2).

Type of HL7 message  Information content Number of HL7 mes-

Number of RDF Triples in a mes- Time to convert HL7 messages

sages (million) triples (million) sage into RDF
RDE®O11 Medication order 1.9 650 342 17 hours 30 minutes
OUL"R22 Laboratory test re- 2.1 790 376 25 hours 10 minutes
sult
Total - 4.0 1440 360 42 hours 40 minutes
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SPARQL Expressions for Searching Adverse Events

Query 1: Identifying Drugs Based on Pharmaceutical
Classification and Searching For All Relevant
Medication Orders

This is the most basic query searching medication orders that
are classified in a certain pharmaceutical category. The query
(Figure 5) searches for all medication orders for drugs classified
as renin angiotensin inhibitors. The SERVICE clause that
follows the WHERE clause queries the Linked Drug Data stored

Kawazoe et al

at a SPARQL endpoint, identifies all ATC subclasses of renin
angiotensin inhibitors, and resolves their individual drug codes
through the KEGG and MEDIS DRUG. When this finishes,
triple pattern matching identifies the patients who were
prescribed drugs with the code that the SERVICE clause
resolved, and binds the dosage amount, medication date, and
number of medication days to their corresponding variables of
the patients. Query results are returned in a table with the
column names described in variables of the SELECT statement.
This query does not consider the temporal relationship with
other events; thus, it is for Temporal Pattern 1.

Figure 5. SPARQL expression of Query 1. This query searches all medication orders for drugs classified as renin angiotensin inhibitors.

SELECT DISTINCT ?patient ?drug_code ?dose_per_day

?prescription_date

WHERE {

?duration

SERVICE <http:/location-1:8890/spargk>{
GRAPH <http/Avww.m.u-tokyo.ac.jp/medinfo/rdf/atc>{

?atc rdfs:label

?atc_name.

FILTER regex(?atc_name, 'AGENTS ACTING ON
THE RENIN-ANGIOTENSIN SYSTEM, ).

?atc sub  rdfs:subClassOf

?atc_sub

}

atc:link_kegg

?atc.
?kegg.

GRAPH <http/Awww.m.u-tokyo.ac.jp/medinfo/rdi’kegg>{

?kegg  keggilink_medis

}

?medis.

GRAPH <http/Awww.m.u-tokyo.ac.jp/medinfo/rdffmedis/drug> {

?medis
}
}

?Ppatient ssmix2:0MP-01 [hi7:RDE_O11
[hi7:RXE
hi7Z-TIMING ~ ?timing].

?rdeo11 hi7:ORDER

medisd:hot9_code

?drug_code.

?rdeoi1].
?rxe;

rxe hi7ZRXE2 [hi7.CE.1  ?drug code];
hi7:RXE.19 [hi7.CQ.1 ?dose_per_day].
2iming hi7Z.TQ1 [hi7:TQ1.7 [hi7:TS.1  ?prescription_date]];

hi7-TQ1 [hi7:TQ1.6 [N7:CQ.1 ?duration]).

}

Query 2: Ildentifying Drugs Based on Known Adverse
Events and Searching for Adverse Events During the
Relevant Medication Periods

This query identifies drugs from known adverse events
registered in SIDER 2 and searches for clinical cases that may
include adverse events resulting from the identified drugs.
Specifically, we consider a query (Figure 6) to identify drugs
that cause leukopenia or neutropenia as adverse events in SIDER
2 and to search for the clinical cases where the identified drugs
were prescribed and a drop in the leukocyte counts was observed
during each medication period. Similar to Query 1, the

http://medinform.jmir.org/2016/2/e12/

SERVICE clause identifies the drugs that cause leukopenia or
neutropenia at a frequency of 30% or higher in SIDER 2 and
resolves their individual drug codes through the ATC, KEGG,
and MEDIS DRUG. When this finishes, triple pattern matching
binds the drug codes of the prescribed drugs, dosage amounts,
medication dates, duration of each medication, leukocyte counts,
and its examination date to their corresponding variables, and
then searches for clinical cases where the leukocyte counts was
3000 or less during the medication period (defined as the period
starting on the day of the medication order and continues for
the number of prescribed days). Because this query searches
for adverse events during each medication period, it is for
Temporal Pattern 2.
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Figure 6. SPARQL expression of Query 2. This query searches all cases for which a leukocyte count of 3000 or less was observed during the medication

period of drug types having leukopenia or neutropenia as adverse events.

SELECT DISTINCT ?patient

?drug_code ?dose_per_day

“?prescription_date “?duration

WHERE {

SERVICE <http-/location-1:8890/spargt>{
GRAPH <http:/Avww.m.u-tokyo.ac.jp/medinfo/rdf/sider>{

?sider sider:link_atc
sider:a

7ae rdfsiabel
sider:lower_bound

?atc;
7ae.
?label;
?Ib.

FILTER (regex(?label, leukopenia’, T) Il regex(?label, 'neutropenia’, 1)).

FILTER (?b>0.3).
}

GRAPH <http:/Mww.m.u-tokyo.ac.jp/medinfo/rdf/atc> {

?atc

}

ate:link_kegg

?kegg.

GRAPH <http:/Aww.m.u-tokyo.ac.jp/medinfo/rdfkegg> {

?kegg  kegglink_medis
}

?medis.

GRAPH <http:/Aww.m.u-tokyo.ac.jp/medinfo/rdf/medis/drug> {
?medis medisd:hot9_code 7?drug_code.

1}
?patient  ssmix2:OMP-01 [hi7:RDE_O11?rdeo11].
?rdeo11  hi7:ORDER [A7ZRXE  ?rxe; hiZTIMING 2timing].
rxe hi7:RXE.2 [hi7:.CE.1  ?drug_code];
hi7:RXE.19 [hi7:.CQ.1  ?dose_per_day]
2iming  hiZ.TQ1  [h7:TQ1.7 [hi7:TS.1 ?prescription_date]];
hi7TQ1  [hi7.TQ1.6 [hi7:CQ.1 ?duration]].
?patient ssmix2.0OML-11  [hi7:0UL_R22 ?0ulr22].
?0ulr22  hi7:.SPECIMEN [hi7:ORDER [hi7:RESULT [hi7:0OBX ?o0bx]]].
?0bx hi7:0BX.3 [pi7:CE.1  '2A990000001992052'Mxsd:string];
hi7:0BX.5 ?lab_value;
hi7.0BX.14 [hi7:TS1  ?lab_date].

FILTER ( ?prescription_date < ?lab_date && ?lab_date <
bif:dateadd('day', ?duration, ?prescription_date)).

FILTER ( ?lab_value <3.0).
}

Query 3: Identifying Drugs Based on Pharmaceutical
Classification and Their Targets, and Searching for
Adverse Events During the Relevant Drug Medication
Periods

This query illustrates that when multiple drug data resources
are used, drugs can be identified with more detailed
characteristics. In clinical backgrounds, atypical antipsychotic
drugs are known to have a tendency to trigger diabetes. It is
hypothesized that these drugs cause chronic bulimia by blocking
5HT2C and HI receptors and bring about obesity and
hyperinsulinemia, thereby inducing diabetes [34]. This query
may help examine this hypothesis through identifying the drugs
that demonstrate these characteristics and extracting clinical
cases that satisfy the criteria for diabetes during the medication

http://medinform.jmir.org/2016/2/e12/

period. As mentioned above, this query (Figure 7) first narrows
down drugs classified as atypical antipsychotic drugs in the
USP classification to those in KEGG having an inhibitory effect
on SHT2C or H1 receptors, and then resolves individual drug
codes through MEDIS DRUG. It then uses a filter operation to
derive the initial and final medication dates for each patient
from the medication orders of the drugs with the resolved drug
codes, and extracts clinical cases where the HbAlc value or the
serum glucose satisfies the criteria for impaired glucose
tolerance during the medication period. Note that as the HbAlc
value changes gradually, we used the period between the initial
and final medications, rather than using each medication period.
We also added a condition to exclude clinical cases satisfying
the same criteria within 60 days of the initial medication.
Therefore, this query is for a combined temporal pattern of
Temporal Patterns 3 and 4.
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Figure 7. SPARQL expression of Query 3. This query searches all cases satisfying the criteria for impaired glucose tolerance during a period between
the initial and final medications of atypical antipsychotic drugs that have a SHT2C or H1 receptor inhibitory effect. The clinical cases that satisfy the
above criteria within 60 days of the initial medication are excluded. In this query, two subqueries are used. In subquery 1, the cases having the period
of initial and final medications of the atypical antipsychotic are identified. In subquery 2, the cases satisfying the criteria for impaired glucose tolerance
during the period are identified.

SELECT DISTINCT ?patient ?hot_code ?irst 2last 2lab_date 7lab_value
WHERE {
FILTER NOT EXISTS{
7patient ssmix2:OML-11 [hi7:OUL_R2270ulr22].
70u22 hi7:SPECIMEN [hi7:ORDER [hi7:RESULT [hi7:OBX 20bx]]].
%bx  hi7.0BX3 [hi7:CE.1 ?lab_code];
hi7:0BX.5 2lab_value;
h7:0BX14  [hi7:TS.1 ?lab_date].
FILTER ( (7lab_code = 0170700_84' && 7lab_value >6.5)
(?lab_code = '3D045000001920402' && 7lab_value > 6.2)).
FILTER (bif:dateadd(day’, -60, ?first)< 7lab_date && ?lab_date < 7first)
)
{# SUBQUERY 2
SELECT ?patient ?drug_code ?first 7last 7lab_date ?lab_value
WHERE {
7patient  ssmix2:OML-11 [hi7:0UL_R22 ?oulr22],
20ulr22  hi7:SPECIMEN [hi7:ORDER [hi7:RESULT [hi7:0BX 20bx]]|.
%2bx  hi70BX3  [h7:CE1 ?ab_code];
hi7:0BX.5 lab_value;
h7:.0BX14  [h7TS1  ?lab_date].
FILTER ( (?lab_code = '0170700_84' && 7lab_value >6.5)
(?lab_code = '3D045000001920402' && ?lab_value > 6.2)).
FILTER (?first < ?lab_date && ?lab_date < 7last) .

{#SUBQUERY 1
SELECT ?patient ?drug_code (MIN(?p_date) AS ?first)
(MAX(?p_date) AS ?last)
WHERE {
SERVICE<http:/flocation-1:8890/spargk>{
GRAPH <http:/Awww.m.u-tokyo.ac.jp/medinfo/rdf/medis/drug>{
?medis medisd:hot9_code ?drug_code;
medisdkokuji_maisho  7brand_name;
}
GRAPH <http:/Awww.m.u-tokyo.ac.jp/medinfo/rdfkegg>{
?kegg  keggilink_medis ?medis;
kegg:target target.
FILTER (regex(?target, H1-receptor antagonist’, i) Il
regex(Marget, '5-HT2C-receptor antagonist', 1)).
}

GRAPH <http:/Aww.m.u-tokyo.ac.jp/medinfo/rdf/usps {
Pusp rdfsdabel Pabel.
FILTER (regex(?label, '2nd Generation/Atypical’, "i")).

_sub rdfs:subClassOf  ?usp;

uspiink_kegg 7kegg.
H
7patient  ssmix2:0OMP-01 [hi7:RDE_O11 ?rdeo11].
?rdeo11  hi7.0RDER  [hi7:RXE ?rxe; hi7:TIMING ?timing].
xe hi7:.RXE.2 [h7:CE.1 ?drug_code].
Piming hi7:TQ1 [hi7-TQ1.7 [nI7:-TS1  ?p_date]].
P

having leukopenia as adverse events" yielded 131 types of drug
codes using SIDER 2, and the Query 3 expression of "of the
Table 3 shows the results of executing each query over the atypical antipsychotic drugs, those having a SHT2C or HI
RDF-ized HL7 messages for a 3-year period. The Query 1 inhibitory effect" yielded 78 drug types, with Queries 2 and 3
expression of "drugs classified as renin angiotensin inhibitors" obtaining 1171 and 58 results, respectively.

yielded 476 different types of drug codes by the Linked Drug

Data, and there were a total of 197,366 medication orders found

for these drugs. Similarly, the Query 2 expression of "drug types

Execution Results of Each Query
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Query Execution Performance

Figure 8 shows, for each three query, the average measured
execution times of the two types of query expression (ie, our
proposed query that use Linked Drug Data dynamically with
SPARQL federation function and a conventional query in which
the individual drug codes are enumerated in SPARQL filter

Table 3. Summary of each query and the respective execution results.

Kawazoe et al

keyword). The average execution time of the proposed queries
were significantly longer than the conventional one, and these
were 49% longer in Query 1,43% in Query 2, and 51% in Query
3, in total. It was also that the execution time of the Query 1
showed logarithmic growth, and the Query 2 and the Query 3
showed linear growth. The coefficient of determination in these
regressions ranged from 0.94 to 0.97.

No. Summary of query condition Drug data sources to resolve the No. of resolved ~ Results
expression drug codes
1 Cases for which drug types classified as renin angiotensin inhibitors ATC 476 197,366
ibed, and all medicati f such drugs.
were prescribed, and all medications of suc gs KEGG
MEDIS DRUG
2 Cases for which a leukocyte counts of 3000 or less was observed ~ SIDER 2 131 1171
during the medication period of drug types having leukopenia or
i > S ATC
neutropenia as adverse events, and all corresponding medications.
KEGG
MEDIS DRUG
3 Cases satisfying the criteria for impaired glucose tolerance during  USP 78 58
aperiod between the initial and final medications of atypical antipsy- KEGG
chotic drugs that have a SHT2C or H1 receptor inhibitory effect.
Clinical cases that satisfy the above criteria within 60 days of the  MEDIS DRUG

initial medication are excluded.
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Figure 8. The average measured execution times of Queries 1, 2, and 3 obtained through the experiments are shown in a), b), c), respectively. In each
subfigure, bar graphs represent the average measured execution times of the two types of query expression with standard errors, and solid or dashed
line represent the approximate average execution times.
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Discussion

Primary Findings

To further improve the usability of EMRs, EMRs need to be
integrated with external data sources that serve as knowledge
resources. Currently, clinical specialists provide and interpret
the knowledge used in making clinical data inquiries and, in
many cases, manually translate the knowledge into codes of
terminology and describe them in queries. This not only requires
time and increases the number of errors [13,15] but also leads
to the possibility of differing interpretations of coding, resulting
in incompatibility among query results. Semantic Web
technology provides a framework for integrating heterogeneous
data sets using RDF and enables the extraction of data from
multiple endpoints on a network using queries in a uniform
format and standard Web protocols. This makes it possibly not
only to integrate heterogeneous knowledge resources but also
to share publicly available resources as knowledge sources and
to handle highly confidential clinical data without compromising
their confidentiality.

We converted drug databases to the Linked Drug Data, used
them as the knowledge for query expansions, and searched over
the RDF-ized HL7 messages. We showed three queries
illustrated by the queries for drugs including renin angiotensin
inhibitors, as well as more advanced expressions for drugs that
cause leukopenia and also for atypical antipsychotic drugs. We
only show three queries, although, we believe that wider ranges
of queries are possible by combining four temporal patterns and
various search expressions to identify drugs. These query
expressions require clinical knowledge, and such knowledge
must be supplied from external knowledge sources, as clinical
data do not contain such knowledge. Our query expression used
knowledge of drugs separate from clinical data that exist at a
different endpoint on a network through SPARQL's federation
query. This suggests that enhancing knowledge resources would
improve the search usability of clinical data and the possibility
to search over clinical data on a shared knowledge basis.

The Query 1 example resulted in 476 drug code types for renin
angiotensin inhibitors. However, in reality, it is unlikely that
one hospital adopts all types of renin angiotensin inhibitors, and
only a few types are actually adopted by any one hospital.
Because different hospitals may adopt different drug types, the
drug codes listed for one hospital may not apply to another. The
proposed method dynamically resolves the expression like "renin
angiotensin inhibitors" using external knowledge resources,
enabling clinical data searches using expressions at a level close
to the knowledge without considering specific types of drugs
that different hospitals may adopt. This not only improves the
usability of query expressions for specialists but also suggests
the possibility of reusing queries (ie, using the same query at
multiple hospitals) [34,35].

The Query 2 example showed a use case for ADEs, which used
SIDER 2 to search drugs that potentially cause leukopenia. As
for the database of ADEs itself, there is another publicly
available database named ADEpedia 2.0 that use RxNorm codes
for medications and SNOMED CT or MedDRA codes for
phenotypes related to ADEs [36]. In this database, the

http://medinform.jmir.org/2016/2/e12/
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relationships between the drugs and ADEs are represented by
predicates such as 'contraindicated drug' for information of
contraindications and 'causative agent of for adverse drug
effects. Although SIDER 2 and ADEpedia 2.0 is useful to search
known relationships between the drugs and ADEs, they are not
necessarily enough for a use case to investigate unknown ADEs
that may be discovered from EMR. To enable this, we needed
to complement them by using the different type of drug database.
We showed Query 3 example that make use of the information
of drug class and type of receptor, which are enabled by linking
USP and KEGG. Although this query shows a limited example,
increasing variation of the search expression by using multiple
drug database is assumed to be useful for investigating ADEs,
and in order to do so, it is primarily important that these
databases can be linked each other.

We showed a method for converting RDF data not by selecting
arbitrary elements contained in the HL7 message but by using
all the elements as they are. The reason why is because it was
difficult to specify which elements are necessary for a clinical
study in advance. As a trade-off, the SPARQL query we showed
may be difficult to describe unless we are familiar with the
specifications of the HL7 message. The difficulty of describing
this SPARQL query will be summarized in the following three
points. First, when describing the pattern matching of SPARQL,
nesting up to reaching the necessary elements would be
considerably deep. For example, until reaching the drug code,
it is necessary to pass through five nodes: RDE_O11, ORDER,
RXE, RXE.2, and CE.1. For this reason, the user must be
familiar with the structure of the HL7 message. In order to solve
this problem, it is conceivable to select the elements that are
required for a clinical study from the HL7 message,
reconstructing a simpler model of RDF data composed of only
its elements. To do this, a guideline for which elements should
be converted might be useful, and to make such a guideline, it
is desirable that Health Level Seven and some associations
related to clinical research discuss and select the required
elements necessary for clinical researches in general. Second,
the vocabulary that is reusable to represent the RDF resource
is not used. Some properties such as "patient ID," "birthdate,"
and "gender" shown in Figure 2 might be good to associate them
with the existing vocabulary that is defined in the ontology such
as foaf and vCard. However, the vocabulary corresponding to
almost all other HL7 elements, including the drug code,
medication dose, unit of the dose, and so on did not exist as far
as we know. Therefore, in this study, we gave greater importance
to keeping the consistency of the method of converting the HL7
to RDF by using the names of the tags obtained when converting
the HL7 to XML as the vocabulary rather than reusing only
those few vocabulary. Finally, temporal reasoning is important
for investigation for ADEs, although, it might be difficult to
write it against our RDF-ized HL7 data with SPARQL. We used
filter-based solution in Queries 2 and 3 to compare the date of
laboratory test results and the date of the medications in order
to be able to consider the causal relationships between them.
We also used subquery solution in Query 3 to identify the first
and the last time of medications of atypical antipsychotic drugs
in order to identify diabetes that occurred or not occurred during
time frames based on the two time points. Although we showed
these queries as possible as simple, they might be typically
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verbose and difficult to write. It is conceivable that using Allen’s
temporal predicates such as "before," "after," and "during" in
the pattern matching of the query [14] is useful to avoid the
SPARQL filter-based comparison of the time. In order to do
that, an interval-based temporal information should be given to
the comparable events and they should be connected according
to their relationships when the RDF data are created. It might
be also that giving a mark to specific time events such as the
first and the last time of medications is useful to identify them
without the subquery solution. These methods make the
description of the query more concise at the expense of
computational complexity at the time of creating RDF data. In
this study, we did not apply these methods because we focused
on using all elements in HL7 message as they are, it would be
worth to consider to make the expression of temporal reasoning
concise.

Regarding the query execution time, we tested two types of
query expression for each three query to show the difference of
the execution time between our proposed query expression and
a conventional one. As for the conventional expression, the
number of the drug codes enumerated in each query were 476,
131, and 78, respectively, as shown in Table 3. The advantage
of the proposed query is that the expression is concise and
human readable in comparison to the conventional one, and that
allows identification of drugs based on the detailed information
rather than the drug codes can be listed. On the other hand, the
disadvantages are that it is inferior in execution time, it takes
approximately 40% to 50% more time than conventional one.
It was also that what kind of drug code will be searched is
unknown until the query is run. These comparative aspects
indicate a trade-off between simplicity of the query expression
and the execution time of the query as well as search reliability.
In particular, as it is necessary to separately consider the
reliability of the drug code obtained by the Linked Drug Data,
this can be noted as one of the limitations of this study.

The result of the experiment also showed that the average
execution time of the Query 1 showed logarithmic growth, and
the time of the Queries 2 and 3 showed linear growth with the
coefficient of determination ranged from 0.94 to 0.97. This
indicates that these regressions approximated the query
execution time well. These results might be counterintuitive
especially in the logarithmic growth in Query 1, although, it
was assumed to be possible that the logarithmic growth is
consistent with computational complexity of B-Tree indices is
O(log n), which are used in the RDF database we used. Although
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the result will not be generalized because an execution time of
a query depends on various settings, such as amount of data,
the content of the query, and the kind of the database system,
the execution time of these queries increased with the amount
of data without diverging in our experiments.

Limitations

We converted HL7 messages to RDF data automatically without
changing the HL7 message structures. This suggests that the
proposed method can be applied not only at the University of
Tokyo Hospital that has adopted SS-MIX2 storage but also at
numerous other hospitals that use HL7 messages. To
demonstrate this, future research is required to verify the
applicability of the proposed method at multiple hospitals. In
addition, we considered adverse events cases in our research,
and thus, it was medication orders and laboratory test results
that were converted to RDF data. However, HL7 messages
contain other types of clinical data such as patient demographics,
diagnostic disease, and some kind of order information. When
these types of clinical data are converted to RDF data, a wider
variety of query expressions are required to search over the
converted RDF data, and future research should examine such
query expressions. We have not verified the drugs identified
through our query expansions, nor verified extracted clinical
data against the gold standard, and these are the limitations of
the research.

Conclusions

This study applied Semantic Web technology to use publicly
available drug databases as the knowledge for query expansions
and demonstrated clinical data searches through SPARQL. The
proposed method executed queries with knowledge resources
separate from clinical data, suggesting that enhancing knowledge
resources would improve the usability of clinical data. This
study also converted HL7 messages to RDF data using an
automatic way without modifying the HL7 message structures
and demonstrated searches over the converted RDF data using
SPARQL. This suggests that the proposed method can be
applied not only at the University of Tokyo Hospital that has
adopted SS-MIX2 storage but also at numerous other hospitals
that use HL7 messages. We have not verified the drugs identified
through query expansions, nor verified extracted clinical data;
such verifications will be performed in future research. Future
research also includes applying the proposed method at other
hospitals and supporting a wider variety of HL7 messages.
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SHT2C: serotonin 2C
ADE: adverse drug event
ATC: Anatomical Therapeutic Chemical Classification System
EMR: electronic medical record
H1: histamine antagonist of the H1 receptor
HAPI: Health Level Seven application programming interface
HL7: Health Level Seven
ICD10: International Classification of Diseases, and 10th Revision
KEGG: Kyoto Encyclopedia of Genes and Genomes
MEDIS-DC: Medical Information System Development Center
MSH: message header
ORC: order-related information
PID: patient identification
RAM: random access memory
RDF: Resource Description Framework
RDFS: Resource Description Framework Schema
RXE: pharmacy
SIDER 2: SIDe Effect Resource
SPARQL: SPARQL Protocol and RDF Query Language
SS-MIX2: Standardized Structured Medical Record Information Exchange version 2
TQ1: timing and quantity
URI: uniform resource identifier
USP: United States Pharmacopeial Convention Classification System
XML: Extensible Markup Language.
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