
De�nitions:
EMR (Electronic Medical Record): A systematized collection of personal health information, digitally stored.
GUI (Graphical User Interface): An interface designed for a user to interact with an electronic device through a 
series icons and text based commands.
Delimiter: A sequence of characters used to separate speci�c elements of data. 
Concatenation: The process of joining strings of characters together to form a longer string of data.
Parsing: The process of deconvoluting strings of data, thus extracting information separated by elimiters.

Background:
The Electronic Medical Record (EMR) has become a 
modern compendium of health information, from broad 
clinical assessments down to an individual’s heart rate. 
The wealth of information in these EMRs hold promise for 
clinical discovery and hypothesis generation. 
Unfortunately, as these systems have become more 
robust, mining them for relevant clinical information is 
hindered by the overall data architecture, and often 
requires the expertise of a clinical informatician to extract 
relevant data. However, as the information presented to 
the clinician through the digital workspace is derived from 
the core EMR database, the format is well structured and 
can be mined using text recognition and parsing scripts.

As clinicians learn to work within the con�nes of their own 
EMR, they have an adept sense of where the salient data is 
stored within these systems and how to access the data 
through their own speci�c Graphic User Interfaces (GUIs). 
Accordingly, individual users are often the best at 
identifying the data that is most relevant to their area of 
expertise (e.g. antimicrobial susceptibility for the 
infectious disease physician, ventilator settings for the 
critical care physician). By capitalizing on this knowledge, 
it is possible to write a programs which can be generalized 
to extract this data on a case-by-case basis for the 
provider.

Results:
We extracted the diagnosis codes, standard laboratory 
values, and antiviral medications for 190 patients seen in 
our Congenital Cytomegalovirus Clinic. Manual extraction 
of this data into Microsoft Excel® took 1 hour, and the 
scripts to parse the data took less than 5 seconds to run. 
Data from these patients included: 3800 lines of ICD-10 
codes (along with their metadata), 33,000 individual 
laboratory values, and >700 antiviral administration 
records. In total, more than 2,500,000 characters were 
extracted from the EMR using this technique. Manual 
review of 10 randomly selected charts, found the data in 
perfect concordance with the EMR, a direct re�ection of 
the �delity of the parsing scripts. On average, an 
experienced user was able to enter three ICD-10 codes 
each minute, and six individual laboratory values per 
minute. At best, this same process would have taken at 
least 140 hours using a conventional chart review 
technique based upon the manual extraction times 
above. 

This data was consolidated into a relational database that 
allows for direct visualization and statistical analysis of the 
many variables extracted (Poster #101)       .

Methods:
Here we present a program which can parse output from 
Epic® Hyperspace, generating a relational database of 
clinical information. To facilitate ease of use, our protocol 
capitalizes on the familiarity of Microsoft Excel® as an 
intermediary for storing the raw output from the EMR, 
with data parsing and processing scripts written in SAS 
V9.4 (Cary, N.C.). Patients that �t speci�c user de�ned 
clinical criteria can be identi�ed using most EMR auditing 
tools. We used SlicerDicerTM, an auditing tool included 
with our release of Epic®, to identify a unique subset of 
patients to extract medical records from. The “SnapShot” 
view of these patients contains user-selectable text that 
when copied retains the inherent data structure of the 
viewing window. This approach can be used to manually 
extract large amounts of data from the EMR in a 
rich-text-format. The resulting text is structured in the 
sense that all relevant metadata, which describse the free 
text, can be used to direct naming of variable and 
assigning values. For each data-stream, examples of the 
data parsing is shown in the accompanying �gures.

Conclusions:
High-throughput data mining tools have the potential to 
improve the feasibility of studies dependent upon 
information stored in the EMR.  When coupled with 
speci�c content knowledge, this approach can 
consolidate months of data collection into a day’s task. 
While we have used this tool to extract and build a 
database of speci�c clinical outcome data for a cohort of 
patients with congenital CMV, this technique is 
generalizable to many clinical questions and provides an 
expeditious means by which to extract such information 
from the EMR. It should be noted that this technique is by 
no means a replacement for a clinical informatician, 
however it does serve to lessen the burden on these 
resources and focus the investigative skills of the 
physician for extracting clinical information from the EMR.
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Theory:
Information entered into the EMR is stored in a centralized database where the individual pieces of information 
can be related back to each other through a series of unique identi�ers. When accessing the medical record, the 
GUI pulls speci�c elements from this database and displays them in a format recognizable to the operator. The 
information that is displayed to the user is visually partitioned, and this is manifest typographically in the raw 
data as a series of unique characters (i.e. delimiters). Knowledge of which delimiters separate speci�c data, 
makes it possible to extract this information by parsing long streams of text for these characters. 

Limitations:
This approach is an attempt to expeditiously retrieve 
information from the EMR by extracting only that which is 
presented to the user through the GUI. Ultimately, this 
technique still requires a level of manual chart review to 
extract the clinical data, which in some cases could still 
take hours to complete. While it is possible to access and 
directly extract these desired elements from the EMR, 
doing so requires the expertise of a clinical informatician 
who has the ability to speci�cally query the core database. 
For large scale analytics of tens of thousands of patients, 
or for real-time dashboard analytics of recurring clinical 
questions (i.e. how many grams of vancomycin were used 
this week), enlisting the help of a informatician is advised 
as those speci�c queries would be static.

Generalizability:
One focus of this project was to develop a program that 
could adapt to its input and produce a relational database 
that contains all of the salient features from a relatively 
diverse data-stream. For example, if only chemistry 
laboratory values were extracted from the EMR, this 
process would recognize and collect only those variable 
that were extracted, associating them with the patient’s 
from whose chart they were obtained. Furthermore, by 
only requiring the user to select those values they desire 
the resulting database would be tailored to that speci�c 
clinical question. By capitalizing on headers present in the 
data-stream, it is possible to identify data relating to 
variable names, as opposed to speci�c values.
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Data ConcatenationExtracting Medications Example
Line 1: Rx #: AW011115
Line 2: Rx #: AW011115@VALGANciclovir (VALCYTE) PO SOLN 50 mg/mL [54463830] 
DISCONTINUED  
Line 3: Rx #: AW011115@VALGANciclovir (VALCYTE) PO SOLN 50 mg/mL [54463830] 
DISCONTINUED@Order Details   
....
Line 10: Rx #: AW011115@VALGANciclovir (VALCYTE) PO SOLN 50 mg/mL [54463830] 
DISCONTINUED@Order Details@Dose: 80 mg Route: Per G button Frequency: EVERY 12 
HOURS Dispense Quantity:  96 mL Re�lls:  0 Fills Remaining:  1@Sig:@Give 1.6 mL by mouth 
every 12 hours for 30 days.@Discontinue Date:  12/15/2011 1558 Discontinue User:  XXX, 
XXX A Discontinue Reason:  -- @Written Date:  07/28/11 Expiration Date:  07/27/12@Start 
Date:  07/28/11 End Date:  12/15/11 

Data Parsing
Delimiter (position) Output

“@” (2) then “[” (1)
“@” (2) then “(” (1)
“@” (4) then “:” (2) then “ ” (1 & 2)
“@” (10) then “:” (2) then “ ”(1)
“@” (10) then “:” (3)

Line 10
Line 10
Line 10
Line 10
Line 10

order_number
medication
dose
start_date
end_date

54463830
VALGANciclovir
80 mg
07/28/11
12/15/11

InputVariable

Database Output
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Data ConcatenationExtracting Labs Example
Line 1: 6/7/17 17:56
Line 2: 6/7/17 17:56@WBC: 10.38
Line 3: 6/7/17 17:56@WBC: 10.38@Hemoglobin: 15.7
Line 4: 6/7/17 17:56@WBC: 10.38@Hemoglobin: 15.7@Platelet: 159
...
Line 16: 6/7/17 17:56@WBC: 10.38@Hemoglobin: 15.7@Platelet: 159@Seg: 28.4 (L)@Band%: 
20.7 (H)@Lymph%: 37.9 (H)@Mono%: 6.9@Eos%: 1.7@Baso%: 0.9@ANC: 5.10 (L)@6/9/17 
3:45
Line 17: 6/7/17 17:56@WBC: 10.38@Hemoglobin: 15.7@Platelet: 159@Seg: 28.4 (L)@Band%: 
20.7 (H)@Lymph%: 37.9 (H)@Mono%: 6.9@Eos%: 1.7@Baso%: 0.9@ANC: 5.10 (L)@6/9/17 
3:45@WBC: 9.54@Hemoglobin: 13.9 (L)@Platelet: 153
Line 18: 6/7/17 17:56@WBC: 10.38@Hemoglobin: 15.7@Platelet: 159@Seg: 28.4 (L)@Band%: 
20.7 (H)@Lymph%: 37.9 (H)@Mono%: 6.9@Eos%: 1.7@Baso%: 0.9@ANC: 5.10 (L)@6/9/17 
3:45@WBC: 9.54@Hemoglobin: 13.9 (L)@Platelet: 153@Seg: 54.6

Data Parsing
Delimiter (position) Output

“@” (1) then “ ” (1)
“@” (1) then “ ” (2)
“@” (2) then “:” (1)
“@” (2) then “:” (2)

Line 18
Line 18
Line 18
Line 18

date
time
lab
lab_value

6/7/17
17:56
WBC
10.38

InputVariable

Database Output
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Data ConcatenationExtracting Diagnosis Codes Example
Line 1: Cytomegalovirus (CMV) viremia#B25.9#1/14/2016
Line 2: Cytomegalovirus (CMV) viremia#B25.9#1/14/2016@Overview Signed 1/14/2016 
11:50 AM by Demmler, Gail, MD 
Line 3: Cytomegalovirus (CMV) viremia#B25.9#1/14/2016@Overview Signed 1/14/2016 
11:50 AM by Demmler, Gail, MD@Birth >100,000 copies/ mL    
Line 4: Cytomegalovirus (CMV) viremia#B25.9#1/14/2016@Overview Signed 1/14/2016 
11:50 AM by Demmler, Gail, MD@Birth >100,000 copies/ mL@Jan 12, 2016    
...
Line 8: Cytomegalovirus (CMV) viremia#B25.9#1/14/2016@Overview Signed 1/14/2016 
11:50 AM by Demmler, Gail, MD@Birth >100,000 copies/ mL@Jan 12, 2016 @Abnormal CT 
of brain-cortical and periventricular leukomalacia, cyst#R90.89#1/14/2016@White matter 
abnormality on MRI of brain#R90.82#7/27/2016@Poor feeding#R63.3#Unknown@S/P 
gastrostomy#Z93.1#9/11/2017

Data Parsing
Delimiter (position) Output

“@” (1) then “#” (1)
“@” (1) then “#” (2)
“@” (2) then “#” (3)
“@” (8) then “#” (1)

Line 8
Line 8
Line 8
Line 8

epic_diagnosis
icd10
date
epic_diagnosis

Cytomegalovirus (CMV) viremia
B25.9
1/14/2016
S/P gastrostomy

InputVariable

Database Output
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