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Abstract Background Patients often seek medical treatment among different health care
organizations, which can lead to redundant tests and treatments. One electronic health
record (EHR) platform, Epic Systems, uses a patient linkage tool called Care Everywhere
(CE), to match patients across institutions. To the extent that such linkages accurately
identify shared patients across organizations, they would hold potential for improving
care.
Objective This study aimed to understand how accurate the CE tool with default
settings is to identify identical patients between two neighboring academic health care
systems in Southern California, The University of California Los Angeles (UCLA) and
Cedars-Sinai Medical Center.
Methods We studied CE patient linkage queries received at UCLA from Cedars-Sinai
between November 1, 2016, and April 30, 2017.We constructed datasets comprised of
linkages (“successful” queries), as well as nonlinkages (“unsuccessful” queries) during
this time period. To identify false positive linkages, we screened the “successful”
linkages for potential errors and then manually reviewed all that screened positive. To
identify false-negative linkages, we applied our own patient matching algorithm to the
“unsuccessful” queries and thenmanually reviewed a sample to identify missed patient
linkages.
Results During the 6-month study period, Cedars-Sinai attempted to link 181,567
unique patient identities to records at UCLA. CEmade 22,923 “successful” linkages and
returned 158,644 “unsuccessful” queries among these patients. Manual review of the
screened “successful” linkages between the two institutions determined there were no
false positives. Manual review of a sample of the “unsuccessful” queries (n¼ 623),
demonstrated an extrapolated false-negative rate of 2.97% (95% confidence interval
[CI]: 1.6–4.4%).
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Background and Significance

The fragmentation of health care in the United States con-
tributes to an environment in which some patients receive
medical treatment among multiple health care organiza-
tions.1 This can adversely affect clinical care and research
efforts when tests and treatments are repeated or appear to
be missing. Ultimately, patient safety and quality of care are
reduced, while health care costs are increased.2,3

To address this fragmentation of care in the United States,
data interoperability and transportability of health care data
were encouraged through the establishment of the Office of
the National Coordinator (ONC) for Health Information
Technology in 2004, but has not been achieved on a national
scale.4,5 One barrier is that patients are not issued a unique
identification code, making it difficult to identify health care
records belonging to the same patient across institutions.6

Instead, data linkage methods have been developed to ac-
complish matching without a unique identifier by using
patient identifiers, such as name, sex, and date of birth
(DOB), in a deterministic (predetermined rules) or probabi-
listic (weighted identifiers) approach.7

Efforts to improve health information exchange (HIE)
across institutions occur in many domains have highlighted
barriers to implementation including data integrity, organi-
zational competition, low adoption, and accuracy of algo-
rithms.8–10 Electronic health record (EHR) vendors are
engaged in patient matching across institutions in real
time. The goals include avoiding false positive matches to
limit erroneous protected health information disclosure and
patient care errors while also minimizing missed matches.11

Epic Systems, the vendor used in this study, developed a
tool called Care Everywhere (CE) that probabilistically
matches patient identities across institutions (using charac-
teristics such as name, telephone number, and DOB) and,
when patients match, proceeds to exchange information
from matching patients’ medical records.12 This tool is
anecdotally effective, but its accuracy to identify matched
patients across institutions has not been quantified, to our
knowledge.

Advanced privacy-preserving methods that can link
patients across institutions without releasing protected
health information (PHI) have demonstrated feasibility.
Grannis et al confirmed the ability to match patients using
deidentified data between hospital-based patient registries
and the Social Security Death master File (SSDMF) with 92%
sensitivity and a 100% specificity.13 In addition, a privacy-
preserving algorithm developed by Kho et al matched
patients between a clinical study dataset and several aca-
demic health care medical records with a sensitivity of 96%

and specificity of 100%.14 However, we are not aware of
studies that have evaluated an algorithm directly linking
patient identities between EHRs at two separate institutions.

Objectives

The objective of this study is to evaluate the accuracyof Epic’s
CE module to identify matched patient records between two
neighboring health care systems, UCLA Health and Cedars-
Sinai Medical Center. The two health care institutions are
located less than 5 miles apart and are known to commonly
share patients. CE is now in routine use by many institutions
and we expect that a precise estimate of its accuracy and
failure modes would be useful for the research, clinical, and
quality improvement communities. Of note, other EHR ven-
dors beyond Epic are also engaged in patientmatching across
sites, so the findings of this study may be of interest beyond
Epic customers.

Methods

Query Analysis
We analyzed the accuracy of CE to match patients between
UCLA Health and Cedars-Sinai Health System by manually
reviewing a sample of the matches and nonmatches that CE
produced over a span of 6 months (November 1, 2016–
April 30, 2017). Our strategy to identify cases for manual
review, for both positive and negativematches, was designed
to use different strategies than CE used, thereby have the best
chance of finding errors. These alternative approaches to
matching constituted our best approximation of a gold
standard, and we subsequently treated our alternative ap-
proach as such in calculating characteristics of the CE algo-
rithm such as its positive predictive value (PPV).

How the CE module works will be described here. On the
evening before a scheduled patient encounter (indicating the
patient has a treatment relationship with the institution),
the CE module automatically attempts to link the patient
with identities at other institutions where CE is activated.
We refer to each attempt to link a patient as a “query.” Each
query returns a result labeled as a “successful” link (records
linked by CE) or an “unsuccessful” link (patient linkage
attempted, but no match identified), for the pair of health
care systems. We retrieved data on the outcomes of CE
queries received from Cedars-Sinai using the UCLA Epic
Systems’ Clarity database (its relational data repository).
Manual review was performed to determine the accuracy
of the “successful” or “unsuccessful” labels. M.K.R. and J.S.
performed the manual review and cases of disagreement or

Conclusion We found that CE provided very reliable patient matching across
institutions. The system missed a few linkages, but the false-negative rate was low
and there were no false-positive matches over 6 months of use between two nearby
institutions.
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uncertainty were adjudicated by D.S.B. This study was
reviewed and approved by the University of California, Los
Angeles, and Cedars-Sinai Medical Center Institutional Re-
view Boards (IRBs).

The Care Everywhere Patient Matching Process
The CE data linkage algorithm compares demographic iden-
tifiers of potentially matching patients using a probabilistic
approach that assigns weights to several different identifiers
such as name, sex, and DOB (►Table 1). Although Epic allows
organizations to fine-tune their own matching algorithm by
assigning different weights to identifiers, both UCLA and
Cedars-Sinai use the default CE settings recommended by
Epic Systems, and this default does not include social security
numbers.

The first step of the CE algorithm retrieves for each
queried identity a batch of potential matches based on the
last name, using a “soundex” transformation (i.e., the name is
transformed based on how it sounds in English, which can
account for minor spelling differences). For these patients,

the algorithm then evaluates whether the other demograph-
ic identifiers match, and a total score is assigned to each
possible match based upon the sum of the weights assigned.

If one unique, “high threshold” link is achieved (i.e., the
score is more than 20 points based on the summedweights),
the query is labeled as “successful.” For successful queries,
the demographics are not stored by the receiving institution;
instead a CE identification number is assigned to the same
patient at both institutions (►Fig. 1, upper part).

If a query between institutions does not find a single, high
threshold match for a patient, the linkage attempt is labeled
as “unsuccessful” and a brief explanation is generated as to
the reason (e.g., multiple low threshold matches and no high
threshold match). The receiving institution stores a copy of
the label along with the demographic identifiers. The sub-
mitting institution only stores the label and the date of the
query (►Fig. 1, lower part). Our analysis studied patient
linkage queries made by Cedars-Sinai to UCLA because our
primary analysis focused on UCLA records.

CE does not recheck linkages for previously linked
patients, but it does recheck those not previously linked,
without respect for prior failures. Thus, if patients are not
linked, requests for the same patient are sent again, each
time the patient presents for care, whereas once a patient is
linked, the query will never be sent again. However, for both
our false-positive and false-negative analyses, we analyzed
only unique (deduplicated) cases.

False-Positive Analysis
To search for false positive linkages (i.e., patient linkages
labeled as “successful” that were not a true match), we
programmatically screened each linked patient pair in our
cohort usingfields other than the last name that we expected
to have a reasonable probability of mismatching in case of an
error: the last four digits of the social security number
(obtained separately fromCedars-Sinai, with IRB permission,
on the matched cohort only), first name, and DOB. Any
linkages that did not match exactly on one these three
criteria were considered to be a potential error and the
stored demographic identifiers were manually reviewed in
more detail by J.S., M.K.R., and D.S.B. Additional

Fig. 1 Data storage flow chart for Care Everywhere queries. “Nondetailed outcome report” references records that do not include additional
details to explain the outcome. For “unsuccessful” queries, it refers to the lack of further classification to explain why the matching attempt was
not successful. For “successful” queries, it refers to the absence of patient identifiers included in the original request that was sent across
institutions. “Query record” refers to the metadata related to the query itself (time stamp, outcome, institution ID, etc.), not patient
information, that is recorded in the database system.

Table 1 Weights assigned to demographics for the Care
Everywhere algorithm default recommended settings

Demographic Match Weight

Exact name (with or without middle initial) 10

Last name sounds like 5

Exact sex 1

Exact birth date 8

Birth date one digit difference 6

Birth date month and day or year 1

Exact phone 2

Exact e-mail address 2

Exact address 2

Similar address 1

Exact city 0.5

Exact zip 0.5

Applied Clinical Informatics Vol. 11 No. 5/2020
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demographics that we examined to determine whether a
linkagewas a true versus falsematch included:middle name,
last name, sex, address, city, zip code, phone numbers (cell,
work, and home), and e-mail address. Finally, if needed,
medical records were manually reviewed to adjudicate the
linkage.

False-Negative Analysis
To discover false negative CE queries (i.e., queries labeled as
“unsuccessful” that are a true match and should have been
linked), we performed our own probabilistic matching
analysis using three key demographic identifiers that dif-
fered from the initial matching used by CE, and can be
considered an “alternative” algorithm to link patients. To
avoid errors due to patient demographics changing over
time, we saved a monthly snapshot of UCLA patient demo-
graphics on our secure servers per IRB protocol; for each
incoming query we searched for potential matches among
the set of UCLA demographics saved the month the query
was received.

The demographic identifiers that we used in our “alterna-
tive” algorithm (rather than the name soundex algorithm,
used by CE) were as follows:

• E-mail address
• Phone number (work, home, or cell interchangeably)
• Date of birth AND first name AND zip code (concatenated)

We first searched for a patient match based on one or
more of these identifiers. Then for each match, we also
calculated a score based on the same weights that the CE
algorithm used. We only analyzed linkages with a score
above 20, indicating strong matches that were potentially
missed by the CE algorithm. We searched using three sepa-
rate ways that patients could potentially match to maximize
the opportunity for finding matches that CE missed. We did
not include SSN in this algorithm becausewewould need the
full social security number (SSN) of all patients to look for
missed matches and we wished to avoid the privacy hazards
that would entail.

Next, we divided the patients identified as likely matches
into strata according to the demographics that defined their
match. For instance, if the patientmatchwas based on e-mail
only, they were assigned to stratum A. If the patient match
was based on e-mail and phone number, they were assigned
stratum B, etc. for a total of seven strata. Using these strata
allowed us to reviewa sample of recordswithin each stratum
and thenweight the estimates from each stratum to generate
an estimate for thewhole sample.We then sampled 100 pairs
in each category for manual review, or if the category
contained less than 100 pairs, we reviewed all of them. We
selected the sample size of 100 to be feasible for the authors
to manually review, and to produce reasonable stratum-
specific standard deviations (SDs), for example, if the rate for
the stratum was 0.1 the SD world be 0.03. When summing
theweighted strata in our analysis, we summed thevariances
of each stratum and took the square root to find the SD of the
weighted sum. We then multiplied this by 1.98 to find the
width of the 95% confidence interval.

Our manual review used six criteria to determine patient
matching: name match (first, middle, and last), address
(street, city, and zip code), DOB, any interchangeable phone
match (cell, home, or work), and e-mail address. If after
allowing for misspellings and variations, the name and DOB
matched plus one other feature of either the address, phone
numbers or e-mail address, then the patients were consid-
ered to be a match and counted as a false-negative case.

Results

Patient Matching Results Produced by Care
Everywhere
UCLA received 265,348 queries from Cedars-Sinai during the
6-month study period. Of these, 83,781 queries contained
exactly the same demographic information as one or more
previous queries, meaning these queries represented
181,567 distinct Cedars-Sinai patient identities. Within
this cohort, the CE algorithm identified linkages for 22,923
patients between the health care systems (“successful”
queries). This indicates that of the patients who had an
encounter at Cedars-Sinai during the study period, 12.6%
were linked to records at UCLA. The CE algorithm did not
identify a linkage for the other 158,644 patient identities
(87.4%) seen at Cedars-Sinai during the study period (“un-
successful” queries).

False-Positive Matches
Of the 22,923 patient linkages labeled as “successful” during
the study period by the CE algorithm, our false-positive
screening algorithm (using the last four digits of the social
security number, first name, and DOB) identified 256 linked
pairs that did not match exactly on all three of these
identifiers. Of these, however, manual review revealed that
247 did in fact match after taking into consideration minor
errors such as transpositions and misspellings of the demo-
graphic identifiers. Six of the remaining nine cases matched
on enough other demographic identifiers, such as address,
phone number, e-mail addresses, etc., to consider them the
same individual.

Of the three remaining cases, manual review of the
patients’medical records identified enough data in common
to consider them a match. Only one case potentially could
havebeen a false-positivematch due to a complete difference
in social security number and largely missing demographic
information on one side; however, the patient identities had
the same name (albeit common) and DOB, and enough
similar medical history facts across institutions to consider
the case a likely match. In corroboration with our findings,
UCLA Healthcare has not received any reports of false posi-
tive CE linkages from providers, in 3 years of operation on
every UCLA patient.

False Negative Matches
After applying our “alternative” matching strategy to the
patients comprising the 158,644 “unsuccessful” queries, we
identified 27,827 patients in whom CE had not matched but
our “alternative” algorithm identified as having one or more
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potential linkages across systems. Of them, 7,613 had a single
match with a “high threshold” score above 20. The patient
pairs representing these “high threshold” matches were
categorized into their respective strata based on the demo-
graphic data that contributed to the match. As shown
in ►Table 2, a random sample of 100 record pairs were
selected for manual review from the five strata having more
than 100 records, and all records were reviewed for the two
strata having less than 100 records, for a total of 623 record
pairs selected for manual review.

Within the strata overall, our manual review identified
383 of the “unsuccessful” CE patient queries as having a
match across institutions (false negatives), whereas 240 of
the queried patients did not have a match using the alterna-
tive algorithms that we employed (true negatives). Projec-
ting the rate of false negatives in each stratum to the whole,
the estimated number of false negatives in the full popula-
tion would be 4,712. Assuming our matching strategy iden-
tified true matches among the 158,644 distinct patient
identities not linked between UCLA and Cedars-Sinai by
the CE algorithm, then the false negative rate is
4,712/158,644¼ 2.97%. The 95% confidence interval (CI) for
this estimate is� 1.41%.

►Table 3 shows our weighted results summarized as a
“2� 2” table evaluating CE as a diagnostic test in this
population. During our study time period, the overall PPV
and specificity of CE to identify whether a unique Cedars-
Sinai patient had records in the UCLA Health System were
100%, whereas the negative predictive value (NPV) of a
nonlinkage was 97.0% with a 95% CI of 95.6 to 98.4%. The
corresponding sensitivity estimate is 82.9% with a 95% CI of
76.7 to 90.3% (based on a 95% CI for the weighted false-
positive count of2.741–6,952).

CE missed matches due to a variety of errors (►Table 4).
Overall, the most common errors (44%) were due to last
name changes, whichwere often among female patientswho
appeared to have changed their names due to marriage or
divorce (i.e., maiden last name becomes newmiddle name or
new last name combined with old last name). First name
changes, such as use of shortened versions (i.e., Bob vs.
Robert), initials, abbreviations, and misspellings, were also
very common. Errors related to address weremost common-
ly related to abbreviations of street names or errors in the
unit number. Birth date errors were minimal with partial
differences in the month, date, or year. Phone number errors
were most commonly due to missing data.

Table 2 Outcomes of manual review for each match-stratum in false negative analysis

Matching elements in stratum Patients in
stratum n

Sample
reviewed

Resulting
FNs/TNs

Stratum
FN rate
(%)

Stratum-specific
SD (%)

FN number
projected to
population

DOBþ name
þ zip

Phone e-Mail

Yes Yes Yes 53 53 53/0 100 53

Yes Yes No 372 100 100/0 100 372

Yes No Yes 70 70 70/0 100 70

No Yes Yes 160 100 27/73 27 4.4 43

Yes No No 3,611 100 94/6 94 2.4 3,394

No Yes No 2,647 100 26/74 26 4.4 688

No No Yes 700 100 13/87 13 3.4 91

No No No 151,051 0

Total 158,664 623 383/240 4,712

Abbreviations: DOB, date of birth; FN, false negative; SD, standard deviation; TN, true negative.
Note: Light-gray columns indicate the variablematches used tomake up the stratum. Each stratumwas exclusive and a sample of 100was taken from
the stratum for review, or the whole stratumwas reviewed if it contained less than 100. Columns at right show the stratum-specific SD (a step toward
generating the 95% confidence interval), and theweighted false negative number projected back to the population (a step in calculating the negative
predictive value). The last row is shaded dark gray to indicate that it represents the remainder of patients who did not meet criteria for a stratum. No
sample was reviewed for these patients because they had no matching patient; a random patient pairing would have essentially no chance of
matching.

Table 3 2� 2 table showing the accuracy of Care Everywherematch results versusmanual review for unique patients queried from
Cedars-Sinai Health system to UCLA Health system (n¼ 181,567 total queries)

Gold standard (manual review)

(þ) (�)

Care Everywhere linkage (þ) 22,923 (TP) 0 (FP) 22,923 “successful” queries

(�) 4,712 (FN) 153,932 (TN) 158,644 “unsuccessful” queries

Abbreviations: FN, false negative; TN, true negative; UCLA, University of California, Los Angeles.

Applied Clinical Informatics Vol. 11 No. 5/2020

Accuracy Evaluation of an Electronic Health Record Patient Linkage Module Ross et al. 729

T
hi

s 
do

cu
m

en
t w

as
 d

ow
nl

oa
de

d 
fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 U
na

ut
ho

riz
ed

 d
is

tr
ib

ut
io

n 
is

 s
tr

ic
tly

 p
ro

hi
bi

te
d.



Discussion

While the 2009 Health InformationTechnology for Economic
and Clinical Health (HITECH) Act and the Electronic Health
Records Incentive Program for meaningful usewas central to
EHR expansion across the United States, a remaining chal-
lenge has been that EHR systems do not easily connect with
each other. This has resulted in serious consequences to
patient care and safety (e.g., missing information,medication
errors, and incomplete transitions of care) and escalated cost
of care (e.g., duplicate laboratory testing and/or imaging and
extra medical visits).15 In 2012, the ONC issued a follow-up
statement detailing the importance of implementing a strat-
egy to advance HIE across institutions.16 Accurate HIE also
contributes tomore accurate quality improvementmeasures
mandated by the Merit Based Incentive Payments System
(MIPS) included in the Medicare Access and CHIP Reauthori-
zation Act of 2015 (MACRA) and the Physician Payments
Sunshine Act (PPSA) within the Affordable Care Act.17 A
systematic review found that incomplete patient informa-
tion is the leading barrier to information exchange in the
United States. The reasons for incomplete information in-
clude: poor matching of patients, concerns about
security/privacy, institutional competition, and patients’
receiving care outside of the HIE catchment area.18 The latest
roadmap introduced by the ONC addresses these issues and
highlights the importance of standardized data formats to
exchange information across EHR systems in a secure man-
ner; with a goal of “nationwide operability to enable a
learning health system” by the year 2024.19

HIE measures such as Epic’s CE have created progress
toward wider interoperability and have demonstrated value
including faster service times, a decrease in cost, decreased
laboratory testing and imaging, and admission rates from the
emergency room.20–22 Our study adds to this knowledge by
demonstrating that the CE algorithm can link patients be-
tween institutions with an imperceptible false positive rate
and a very low, but nonnegligible false-negative rate for
matching patient identities when implemented between
two adjacent healthcare institutions. To the best of our
knowledge, this has not previously been confirmed in
practice.

Table 4 Errors contained in the false-negative patient queries
leading to missed matches

Total errors classified n¼ 379
(100%)

First name

Abbreviation or nickname 33 (8)

Misspelling 31 (8)

Middle name

Complete name versus absent 115 (31)

Complete name versus initial, same first letter 41 (10)

Initial versus absent 31 (8)

Complete names, different 10 (3)

Complete name versus initial, different first letter 9 (2)

Misspelling 2 (1)

Last name

Concatenated with previous 103 (27)

Different 65 (17)

Misspelling 22 (5)

Shortened 9 (2)

Extra space 3 (<1)

Hyphenated with previous 2 (<1)

Name combinations

Different last and middle name, same last name 38 (10)

Last name, middle name concatenated 10 (2)

First name, middle name transposed 9 (2)

First name, middle name concatenated 4 (<1)

First name, last name transposed 3 (<1)

Street address difference

Complete versus abbreviation 113 (29)

Unit error (missing, abbreviated, or misspelling) 75 (19)

Misspelling 28 (7)

Punctuation 18 (4)

Street and unit concatenated 7 (1)

Date of birth

Partial difference (month, date, and year) 6 (1)

Zip code

Completely different 24 (6)

Partial difference 6 (1)

City

Different, complete 32 (8)

Different, partial 7 (1)

Phone

Work phone, both absent 141 (37)

Work phone, present versus absent 130 (34)

Cell phone, present versus absent 116 (30)

Home phone different 84 (22)

Work phone, different 29 (7)

Cell phone, different 23 (6)

Cell phone, both absent 23 (6)

Table 4 (Continued)

Total errors classified n¼ 379
(100%)

Home phone, present versus absent 17 (4)

Home, cell, and work, different or missing 15 (3)

Home phone, both absent 2 (<1)

Cell phone, area code different 1 (<1)

Home phone, area code different 2 (<1)

E-mail

Different 6 (1)

Similar 6 (1)

Note: Some cases contained multiple errors.
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By using an “alternative” approach to the CE algorithm,we
were able to find approximately 3% more patient matches
that CE did not recognize. However, this does not detract
from the fact that CE was able to link 12.6% of patients
between Cedars-Sinai and UCLAwithout any apparent false-
positive errors, and these patients likely experienced the
benefits of HIE, including avoidance of redundant tests and
information about completed treatments. By erring on the
side of permitting some false negatives, the CE algorithm
appears appropriately tuned to avoid the risk of erroneously
linking the wrong patients, which would cause a merge of
records that could be difficult to undo. If evaluation had
found a significant false positive rate, of even 0.5 to 1%, then
the sites could consider adjusting the CE matching threshold
to require more than the default of 20 points for a match.

Missed matches were most often due to name changes,
misspellings, and data entry errors, which is a common
reason for data linkage errors.23

Our institution is part of a healthcare clinical-research
consortium in Southern California. As part of these efforts,
our next step is to use CE as a gold standard to test privacy
preserving algorithms for patient linkage that do not require
the exchange of PHI.

Limitations

A limitation of this study is that we evaluated the CE
algorithm for matches between two particular institutions
that had both implemented Epic’s default scoring algorithm.
Had these institutions elected to modify their algorithm, as
the software allows, performance of the algorithm might
have differed. Furthermore, if the institutions had modified
their CE algorithm, we might also expect them to monitor
their results and to further adapt their match rules based on
this feedback, thus generally improving the algorithm from
the default, rather than degrading it. Another limitation is
that we needed to invent our own “gold-standard” methods
formanual reviewand evaluation of the CE algorithm.We are
not aware of similar prior efforts that could help guide the
selection of matching parameters. Different matching meth-
odsmight have produced somewhat different results, but our
methods for searching, both for false positives and false
negatives, were thorough, and we believe that any differ-
ences would impact the results minimally. Finally, we
evaluated institutions that were close geographically. Gen-
eralizing to institutions that are farther apart would gener-
ally lower the prevalence of a match, and thus, if the
sensitivity of the system were constant, would result in a
higher (more accurately looking) NPV (false-positive rate).

A drawback of CE and other HIE methods is that they
require the exchange of PHI to determine matching patients
between health systems. An alternative approach is to use
“private record linkage” (PRL) methods for linking patients,
in which PHI fields are broken into pieces and then one-way
hashed in a way that still allows for the records to be
compared for similarity across institutions but does not
allow the PHI to be reconstructed.13,14,24–32

Conclusion

We determined that Epic’s CE tool, as deployed in practice,
has a positive predictive value of 97.1% and a specificity at or
near 100% for matching patients between Cedars-Sinai Med-
ical Center and UCLA Medical Center. This means that
matches provided by CE, at least in the current implementa-
tion, can be considered highly reliable.

Clinical Relevance Statement

Current health care and research efforts in the United States
are fragmented due to patient care across institutions.
Widespread electronic health information exchange across
institutions is the important next step of health care to
address this fragmentation. We demonstrated reliable
matching of patient identities across institutions with the
same electronic health record platform.

Multiple Choice Questions

1. Health information exchange (HIE) have been demon-
strated to decrease
a. Physician burnout
b. Laboratory testing
c. Visit diagnoses
d. Patient satisfaction

Correct Answer: The correct answer is option b. A
systematic review of Health Information Exchange
outcomes33 detailed findings about resource use, per-
ceptions, and factors associated with outcomes. De-
creased laboratory testing was a consistent finding,
the majority of the findings were in the emergency
setting.

2. Barrier(s) to a national health information exchange
between healthcare institutions in the United States
include:
a. Privacy concerns
b. Lack of data standards
c. Institutional competition
d. All of the above

Correct Answer: The correct answer is option d. Perceived
barriers obtained from focus groups, interviews and research
observations are categorized into three categories: complete-
ness of information, organization/workflow, and technology
/user needs.18
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