


• Director of Analytics and Reporting for UCLA Operative Services
• Numerous publications on data extraction from EMR and use 

for Quality





oPayment Systems (MIPS, MACRA)

oMOCA 2.0 Part 4 Requirement
oEvaluate and Improve Quality of Care

oEngagement with the Health System



• What is your practice model?  

• How many providers do you have?

• Are they ASA members?

• Do you have administrative support?

• Who does your billing?  Are they responsive to your needs?

• Does your workflow vary between facilities?

• What type of anesthesia record do you use?







• Secure Servers/Databases

• Personnel



• Reporting to QCDRs and other Registries

• Reporting Internally

• Reporting to the Hospital/Others



• Servers maintained by the Health System

• Personnel

• Commercial Analytics Software for Reporting (Tableau)
• Separate MPOG Reporting
• Estimated Annual Cost - ~$500K
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The 2009 American Recovery and Reinvestment Act cre-
ated “meaningful use criteria” for the adoption and 
implementation of electronic medical records (EMRs)1 

assuming that increased adoption of EMRs would improve 
the quality of care and reduce costs.2,3 Unfortunately, these 
cost savings have yet to be realized,4 and some have found 
that EMRs have paradoxically increased the cost of care by 
allowing improved billing capture.5,6 One barrier to improved 
care quality and associated cost savings is the difficulties asso-
ciated with turning EMR data into actionable information that 
can be used to improve health care delivery and outcomes.7

The transition from volume-based payments to value-based 
payments encouraged by the Affordable Care Act as a way to 
realize these savings requires consistent and reliable extraction 
of data from the EMR for both measurement and use in quality 
improvement programs.8 The Perioperative Surgical Home,9 
the American Society of Anesthesiologists’ implementation of 
an accountable care organization, specifically targets getting 
these data10 through the early use of a data registry as part of 
its rollout. Despite the urgency of this need, as well as signifi-
cant effort, these data remain difficult to obtain.

Currently, EPIC Systems’ EMR is the largest EMR plat-
form, with more than half of the US population now having 

a patient record in an EPIC system.11 Although there has 
been some success in extracting data into uniform data 
models from other systems,12 EPIC EMRs have been par-
ticularly challenging, given their expansiveness and large 
number of tables (>15,000).

A well-established method to combine disparate, 
and often unstructured, data in such a way as to make it 
more easily accessible to the end users is to create a data 
warehouse (Appendix 1). We present our experience and 
describe the methodology for successfully extracting clini-
cal data around the entire perioperative period from our 
EPIC EMR (Epic Systems, Verona, WI) into an indepen-
dently designed data warehouse designed for business 
intelligence that simplifies access to the data and standard-
izes definitions so as to allow multiple groups to report off 
of the same data.

METHODS
After obtaining exemption from informed consent from 
the University of California, Los Angeles IRB, a review of 
clinical and operational metrics desired for reporting was 
undertaken. The necessary raw clinical data were located 
in Clarity, the relational database created by EPIC for data 
analytics and  reporting. Given the array of metrics needed 
and the complexity of the data structure in Clarity, a 2-stage 
data warehouse was constructed to reduce the need to join 
and optimize multiple tables.

The first stage, termed “Base Tables,” was designed to 
serve as a middle layer decreasing the number of tables and 
simplifying the joins between them. Conceptually, the tables 
coalesced into 3 groups: (1) patient-centered information 
(laboratories, allergies, medial history, etc.); (2) encounter- 
centered information (admission, discharge, and transfer 
[ADT], orders, notes, laboratories, etc.); and (3) operative 
procedure-centered information (staffing, scheduling, room 
times, etc.). Tables are joined by 1 of 3 of the following fields: 
(1) a patient identifier (pat_id); (2) a case identifier (case_id); 
or (3) an encounter identifier (enc_id). In creating these tables, 
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Extraction of data from the electronic medical record is becoming increasingly important for 
quality improvement initiatives such as the American Society of Anesthesiologists Perioperative 
Surgical Home. To meet this need, the authors have built a robust and scalable data mart based 
on their implementation of EPIC containing data from across the perioperative period. The data 
mart is structured in such a way so as to first simplify the overall EPIC reporting structure into 
a series of Base Tables and then create several Reporting Schemas each around a specific 
concept (operating room cases, obstetrics, hospital admission, etc.), which contain all of the 
data required for reporting on various metrics. This structure allows centralized definitions with 
simplified reporting by a large number of individuals who access only the Reporting Schemas. 
In creating the database, the authors were able to significantly reduce the number of required 
table identifiers from >10 to 3, as well as to correct errors in linkages affecting up to 18.4% of 
cases. In addition, the data mart greatly simplified the code required to extract data, making the 
data accessible to individuals who lacked a strong coding background. Overall, this infrastruc-
ture represents a scalable way to successfully report on perioperative EPIC data while standard-
izing the definitions and improving access for end users.  (Anesth Analg 2016;122:1880–4)
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Creation of a Perioperative Data Warehouse

The increasing use of data to drive organizational deci-
sions has created the need to develop tools allowing those 
with less technical knowledge access to increasingly sophis-
ticated data. Traditional methods or having a report writer 
create separate reports for each business case can be quite 
cumbersome, has long turnaround times, and requires a 
strong background in database query and design. The goal 
of this data warehouse was to make these data accessible to 
those who might lack these skills.

The metrics contained in the Reporting Schemas were 
dictated by organizational needs. Once a metric was defined, 
it was reported on for all operative cases, not just those in a 
specific cohort of cases (as would be the case with traditional 
independent queries for each report). Instead, the scope of the 
report is limited by the report writer using their analytics soft-
ware. This results in an ever increasing library of metrics for 
reporting and a dramatic decrease in the technical skill needed 
to generate reports, as seen in Table  2 and Supplemental 
Digital Content 2 (http://links.lww.com/AA/B369).

The limitations of creating this data mart reflect the 
underlying complexity and fluidity of the EPIC data 

structure. First, because each EPIC implementation is 
different, the overall structure and concepts described 
here can be replicated at another institution, but the 
detailed code and data validation would need to be 
developed based on the workflow at that institution. 
Second, although the final data extraction from the 
Reporting Schema may be straightforward, implementa-
tion of the data mart requires personnel who have the 
technical ability to build a database and enough clini-
cal knowledge to help drive the metric creation and data 
validation. These resources may be beyond the scope of 
smaller institutions.

The rapid adoption of EMRs over the past 5 years, 
combined with the transition to a value-based model of 
care, has resulted in a rapidly growing need to improve 
extraction of data from the EMR. The data model pre-
sented here has provided the authors and their institu-
tion with a dramatically improved ability to rapidly find 
and report on all aspects of the perioperative encounter, 
and, thus, it is a valuable tool in improving perioperative 
patient care. E

Figure 2. A visual depiction at the tables involved in calculating case cancellation data at each state of the data warehouse.



• Very Robust
• Significant Upfront Investment/Costs

• Increasingly shared data source with hospital
• Scales Well

High Risk & High Reward







• Visit asahq.org or aqihq.org for a list of QCDR-Ready Vendors
• Vendor differences:



• Questions to ask:

transmitted REAL DATA?





• How will you process the data?

• How will you store the data?

• How will you share the data?



Shared Risk & Shared Reward





• Clear Definition

• How will you measure it

• How will you analyze and display it



• Numerator

• Denominator

• Registries may each have their own specifications regarding 
numerators and denominators. Failure to conform will mean failure 
to get credit for reporting



• Lack of provider engagement
• Clearly describe your organization’s goals
• Be able to answer Why?
• Clearly define the benefits
• Focus on improving care while avoiding payment penalties

• Lack of support
• Offer resources for both providers and administrative staff

• Lack of preparation
• Understand the measures and how to report them correctly
• The devil is in the details





• Create a plan to report on your groups PONV Rate

• 2 Groups



• Data

• Strategy


