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ABSTRACT

Objective: \We performed a scoping review of algorithms using electronic health record (EHR) data to identify patients with Alzheimer’s disease
and related dementias (ADRD), to advance their use in research and clinical care.

Materials and Methods: Starting with a previous scoping review of EHR phenotypes, we performed a cumulative update (April 2020 through
March 1, 2023) using Pubmed, PheKB, and expert review with exclusive focus on ADRD identification. We included algorithms using EHR data
alone or in combination with non-EHR data and characterized whether they identified patients at high risk of or with a current diagnosis of ADRD.

Results: For our cumulative focused update, we reviewed 271 titles meeting our search criteria, 49 abstracts, and 26 full text papers. We identi-
fied 8 articles from the original systematic review, 8 from our new search, and 4 recommended by an expert. We identified 20 papers describing
19 unique EHR phenotypes for ADRD: 7 algorithms identifying patients with diagnosed dementia and 12 algorithms identifying patients at high
risk of dementia that prioritize sensitivity over specificity. Reference standards range from only using other EHR data to in-person cognitive
screening.

Conclusion: A variety of EHR-based phenotypes are available for use in identifying populations with or at high-risk of developing ADRD. This
review provides comparative detail to aid in choosing the best algorithm for research, clinical care, and population health projects based on the

use case and available data. Future research may further improve the design and use of algorithms by considering EHR data provenance.

Key words: dementia, electronic health record phenotype

INTRODUCTION

There is tremendous unmet need for improving the quality of
care for persons with Alzheimer’s disease and related demen-
tias (ADRD)." In 2023, ADRD affected 6.7 million Americans
age 65 years and older and their caregivers?; it is the 6th lead-
ing cause of death among all adults in the United States. Fur-
thermore, caregiver strain can be significant.~ Patients with
dementia have an average life expectancy of 4-8 years after
diagnosis, and advanced dementia is characterized by pro-
longed disability.®™ A recent large systematic review of 627
dementia care intervention studies called for “larger, longer-
term, and more rigorous” interventions to improve care deliv-
ery and there is increasing interest in how health systems can
provide better care.'%!!

Most information about dementia prevalence and disease
trajectory comes from primary data collection, Medicare
claims data, the Minimum Data Set (MDS)'>™'5 and the
Health Retirement Study.'® However, these data sources have

limited value for real-time patient identification. Electronic
Health Record (EHR) phenotypes provide a significant
opportunity to identify relevant patients for clinical care,
quality improvement, and research.'”2° EHR phenotypes
refer to clinical conditions or characteristics that can be deter-
mined using a computerized EHR query with a defined set of
data elements."”

Creating reliable EHR phenotypes requires an iterative
approach, and this work supports the formation of patient
registries for targeted interventions and evaluation. Engaging
with health systems to improve data capture in parallel with
improving quality and conducting research offers the poten-
tial to improve data quality, and hence the specificity and sen-
sitivity of the patient registries, while improving care over
time. To optimally harness information contained within
EHRs, we need to understand how EHRs have been used to
date to identify and characterize patients living with dementia
(PLWD).
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We therefore reviewed the literature to identify algorithms
that used EHR data alone or in combination with claims or
other non-EHR data to identify PLWD, based on the idea
that EHR data could both improve discrimination as com-
pared to administrative data alone and be immediately avail-
able for use in patient care, cohort identification, or
pragmatic clinical trials.

MATERIALS AND METHODS

We used the Arksey and O’Malley framework (5 stages) and
PRISMA checklist for Scoping Reviews to guide our literature
search.”! Our research question was: What types of EHR phe-
notypes have been developed to screen for or identify PLWD
in the United States? We used the Using Population/Concept/
Context (PCC) Framework®*>* to refine our overall objec-
tives. Our target population was patients with dementia. Our
target concept was electronic health record (EHR) pheno-
types. Because of differences in health care practice and billing
in the United States and other countries, we limited our con-
text to United States health systems to inform use in future
clinical quality improvement and research.

We modeled this research on work by Lee et al* entitled
“Electronic Medical Record-Based Case Phenotyping for the
Charlson Conditions: Scoping Review.”, which spanned sev-
eral clinical conditions, including dementia. We included
papers referenced in the dementia section from Lee’s review
that met our inclusion criteria and then expanded on Lee’s
work by updating the review in Pubmed from the end date of
the search in Lee’s article (April 1, 2020 through March 1,
2023) using the same search criteria for dementia ((((Elec-
tronic medical record or EMR or electronic medical records
or EMRs or hospital information systems or HIS or electronic
health records or EHR) AND (case or identification or ascer-
tainment or diagnosis or phenotype)) AND (dementia or Alz-
heimer’s disease or senile degeneration))) AND ((“2020/04/
01”[Date—Publication]: “2023/03/01”[Date—Publication]))
and United States. We developed our protocol for eligibility
criteria prior to conducting our cumulative update and the
protocol is available upon request.

For the cumulative update, we searched the US-based phe-
notype registry, PheKB, and asked key experts for any addi-
tional articles not covered in our search.

Our eligibility criteria included the following inclusion and
exclusion criteria:

Inclusion criteria

* Articles in English

* Articles based in the United States

* Includes Electronic Health Record (EHR) data alone to
identify patients with dementia

* Includes EHR data in combination with claims or other
non-EHR data to identify patients with dementia

* Includes a reference standard to test the EHR phenotype

* Includes information on the performance of the EHR
phenotype

Exclusion criteria
* Not in English

e Evaluated data from countries other than the United
States

* Does not have a reference standard to test the EHR
phenotype

* Does not report on the performance of the EHR
phenotype

* Articles that do not include dementia and only cover cog-
nitive impairment

* *Note: We did not exclude papers that also reported on
EHR phenotypes for other conditions, however we only
covered details of the dementia algorithms for our results.

For our title review, we aimed to use broad criteria to cap-
ture any title that might cover our topic and thus at this level
included titles that covered EHR phenotypes and/or diagnosis
for dementia/Alzheimer’s disease, cognitive impairment or ill-
nesses in general, titles that discussed using data and/or elec-
tronic health record to identify patients with or at high risk
for dementia, and titles that cover machine learning if it
relates to identifying patients with or at high risk for cognitive
impairment or dementia. For abstract and full paper review,
we applied our detailed inclusion and exclusion criteria listed
above. We used dual review for all stages (AMW and JP). If
either reviewer selected a title or abstract, it moved on to the
next stage of review. For the full paper review, we met to
resolve differences and ensured agreement prior to data
abstraction for inclusion in our final table.

Beyond the work initiated by Lee et al, which included sev-
eral clinical conditions, we considered the clinical and
research impacts specific to identification of patients with
dementia to inform the data we would abstract from articles
to populate the main table. We used an iterative process using
2 reviewers (AMW and JP) with over-reading by other team
members to finalize the most relevant columns in the table for
the final abstraction tool. Specifically, we abstracted whether
the algorithm was designed to identify at risk populations or
diagnosed populations, the studied population, data elements
from the EHR that were used to create the phenotype, what
reference standard was used to test the phenotype, and the
performance of the EHR-based phenotype compared to the
reference standard. We also specifically noted limitations of
the papers such as algorithm performance or narrow criteria
for tested population (eg, sample derived only from the inten-
sive care unit). All investigators reviewed the final articles and
agreed with the content of the final table.

Finally, for algorithms that used International Classifica-
tion of Disease (ICD) codes to identify patients with dementia,
we compared which codes were used.

RESULTS

Figure 1 details the flow diagram for this scoping review of
dementia EHR phenotypes. For our cumulative update of the
literature, we reviewed 271 titles meeting our search criteria,
49 abstracts (73% [n=36] agreement with 13 titles included
only selected by one reviewer), and 26 full text papers (88%
agreement [n7=23] with 3 abstracts only selected by one
reviewer). We only differed on one article in our initial rating
for full text papers which was easily resolved with discussion.
Overall we identified 8 articles from the original systematic
review, 8 from our new search, and 4 recommended by an
expert”*™’ that met our inclusion criteria. PheKB search
revealed one algorithm that was already captured in the litera-
ture review, thus the table was annotated that further details
for that algorithm was available in the PheKB database.*
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Dementia articles reported in previous systematic review

by Leeet al 25
(n=25)
Articles excluded fo_r not meeting criteria »
(n=17)
\ 4

Dementia articles that met inclusion criteria in Lee at al2>
(n = 8)30:31,33,34,36-38,40

Figure 1. Flow diagram for scoping review of dementia electronic health record phenotypes.

Thus, the algorithms from 20 articles—19 unique algo-
rithms—are the focus of this review. Tables 1 and 2 summa-
rize the EHR-based dementia phenotyping algorithms we
identified.?*™*® We noted 2 main categories of EHR pheno-
types: algorithms to identify patients with a dementia diagno-
sis in the EHR and algorithms to identify patients at high risk
of dementia. We abstracted the same data from both types of
article, but present them separately in 2 tables for clarity.

Several studies in these tables used an iterative process and
tested multiple strategies to identify the highest performing
phenotype.'” The phenotypes used both structured and
unstructured data elements. Structured data elements include
ICD codes, visits with specialists (eg, neurology consultations,
enrollment in a dementia care program), medication use (eg,
acetylcholinesterase inhibitors, N-methyl-D-aspartate recep-
tor antagonists), and cognitive screening tests. Use of unstruc-
tured data elements, such as free text in clinical notes, relied
on methods such as regular expression natural language proc-
essing (NLP) and machine learning.

Algorithms to identify patients diagnosed with
dementia

Seven algorithms were developed to identify patients already
diagnosed with dementia (Table 1). Thus, achieving high spe-
cificity was a primary goal. Of these 7, 4 were compared to a
reference standard of manual chart abstraction, one was com-
pared to a reference standard of a comprehensive in-person
cognitive  evaluation  including  neurological  and

neuropsychological testing, one was compared to a cognitive
score that was available in the EHR and one was only based
on SNOMED codes without further validation. All of these
algorithms used ICD codes as predictors. The most commonly
used data elements included ICD codes, medications, and key
words using NLP. The approaches that showed the best per-
formance for identifying patients diagnosed with dementia
(usually measured by positive predictive value (PPV) or specif-
icity) used either more than one ICD code, supplemental NLP
methods, or keyword searches along with ICD codes. A noted
limitation of all studies is that the provenance of ICD-codes
was rarely indicated (for example problem list vs encounter
diagnosis vs lab test). Further, many of the high performing
algorithms were applied to limited environments, such as the
intensive care unit. One study that evaluated EHR phenotypes
for 10 different diseases concluded that dementia was one of
the most challenging conditions to characterize using their
algorithmic approach.*

Algorithms to identify patients at high risk for
current or future diagnoses of dementia

The other 12 algorithms were designed to identify patients at
high risk for current or future diagnoses of dementia (Table 2).
These algorithms might be especially useful to identify
patients for further testing, to address dementia prevention,
or study prognosis, protective or risk factors. One used a
detailed clinical assessment as a reference standard, 2 used
detailed chart review and/or communication with a treating



Table 1. Characteristics of algorithms to identify patients with diagnosed dementia in the electronic health record

Article Use of algorithm Studied population (inclu- Data elements from EHR to Reference standard Performance Notes
sion/exclusion, setting, and  create phenotype (predictors)
sample size)
Amra S, etal®'  Goal to identify patients Adult patients who were ICD codes and keywords Comprehensive in-person Dementia ICD-based: spe-  Sample was ICU only, it
diagnosed with dementia admitted to one of the ICUs ~ Manual chart review con- cognitive evaluation by the cificity 99% and sensitiv- will likely perform
for pragmatic research at Mayo Clinic in Roches- ducted to identify key- Mayo Clinic Study of ity 79% better here than in

Harding BN, et  Goal to identify whether
al.> cognitive tests, as struc-
tured data elements in an
electronic health record,
can be used to optimize
EHR algorithms for
dementia
Kho AN, et Goal to identify patients
al.3¢ diagnosed with dementia
use in genome-wide asso-
ciation studies (GWAS)
Reuben DB, et Goal to identify patients
al.» diagnosed with dementia

for use in clinical prac-
tice, quality improvement
and research

ter, MN between Jan 2,
2006 and December 31,
2014 and were cognitively
evaluated by the Mayo
Clinic Study of Aging
(n=993)

3,690 Kaiser patients and
2,981 VA Health System
patients with cognitive test-
ing results in EHR

(N=747 cases and N=2043
controls) from Group
Health Seattle Biobank
with comprehensive ven-
dor-based EHR since 2004
with 20 plus years of phar-
macy data and 15 plus
years of ICD9 data

Chart abstractions completed
on 124 patients and analy-
sis also completed on 989
patients enrolled in Demen-
tia Care Program

words for an electronic
search algorithm: demen-
tia, cognitive impairment,
cognitive deficit, cognitive
decline, mild cognitive
impairment, impaired
memory, impaired judg-
ment, impaired orienta-
tion, difficulty
concentrating, patient is
not independent in han-
dling finances

Looked at number and timing
of ICD codes, medications,
and specialist visits

Diagnosis, medications
using structured data, free
text searches and manual
chart review (Details on
ICD codes and free text
searches not provided)

ICD codes and NLP (medica-
tions tested but not
included in final model
because of prescribing for
“off-label” conditions such
as cholinesterase inhibitors
for mild cognitive impair-
ment, memantine for
migraine headaches)

Aging (including neurologi-
cal and neuropsychological
testing).

< 24/30 points for the
MMSE or < 21/30 for
SLUMS, among the small
minority of patients who
had received those tests

Review of clinical notes and
demographics (details not
provided)

Chart reviews initially and
then enrollment in demen-
tia program
(n=989)(internal reference
standard)

With keyword using itera-
tive approach: 97% sensi-
tivity and 99% specificity

other populations
with less utilization.

Algorithm with 2 ICD codes
within 12 months had best
performance: 65% met
dementia threshold with
MMSE and 77.4% met
dementia threshold with
SLUMS

PPV 73% *Note that this algo-
rithm was identified
in the PhekB data-
base and additional

details available.

For age 65 years and older:
91% or greater PPV and
62% or higher sensitivity
for ICD and NLP approach

(continued)
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Table 1. (continued)

Article Use of algorithm Studied population (inclu- Data elements from EHR to Reference standard Performance Notes
sion/exclusion, setting, and  create phenotype (predictors)
sample size)

Singh B, et al.?®  Goal to identify patients 1447 patients aged 18 years Looked at ICD’s alone and ~ Trained research fellows For dementia, ICD codes Sample was ICU only, it
diagnosed with dementia and older who gave also Automated algorithm manually collected data alone had 100% specificity will likely perform
for use in clinical prac- research authorization and available in supplemental according to definition and 8% sensitivity with better here than in
tice, quality improve- admitted to ICU during appendix that used several published by Charlson. PPV=50% and other populations
ment, and research 2006 from Olmsted other data elements in Only the medical and surgi- NPV=95%. With the tail- with less utilization.

County, Minnesota addition to ICD codes cal history sections of the ored algorithm the sensitiv-
clinical notes were ascer- ity was 92% and specificity
tained. N=240 charts were was 99% (PPV was 92%
abstracted for validation and NPV was 100%).
cohort. Original cohort
was from 1447 from an
observational cohort study

Wei WQ, et Goal to identify patients Vanderbilt University Medi-  ICD codes, Clinical Notes A group of 25 patients (per One ICD-9 PPV =.0.28 This paper looks at phe-

al3* diagnosed with dementia cal Center de-identified (using keywords), disease category) were ran- >2 ICDYs PPV=0.74 notypes for 10 differ-

for use in research

Xu J, et al.? Goal to identify patients
with probable Alz-
heimer’s disease and
related dementia

phenotypes

data from 10 pre-selected
diseases (one of which was
Alzheimer’s disease). The
study included 175 patients
for each disease.

7,587 patients over 65 years
old seen at a large, multi-
specialty urban academic
medical center in New
York (792 cases and 6795
controls)

Medications

EHR demographics, comor-
bidities (32 diagnoses),
medications (171 medica-
tion classes)

domly selected and
reviewed, negative and
uncertain patients classified
as untrue. Inter-rater reli-
ability was calculated:
0.68-0.9

Reference standard based on
one or more AD-related
SNOMED-CT concepts
coming from diagnosis
data (Alzheimer’s disease;
Primary degenerative
dementia of the Alzheimer
type, presenile onset; Pri-
mary degenerative demen-
tia of the Alzheimer type,
senile onset; Mild cognitive
disorder; Minimal cogni-
tive impairment)

>2 components=0.88

AUC=0.764

ent conditions. They
point out in the dis-
cussion that dementia
(and breast cancer)
were the two most
challenging pheno-
types. Using more
than 1 ICD code
improved specificity
(but decreased sensi-
tivity). NLP improved
sensitivity but lowered
PPV.

Imperfect reference

standard does not
include any external
validation
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Table 2. Characteristics of algorithms to identify patients at high risk of dementia

Use of algorithm

Studied population (inclu-

sion/exclusion, setting, and

sample size)

Data elements from EHR to
create phenotype (predictors)

Reference standard

Performance

Notes

The goal of this study

was to develop and validate
an EHR-based prediction
tool to identify patients at
high risk of unrecognized
dementia.

Ben Miled Z, The purpose of the model is

to automate the cost-effec-
tive, non-invasive, digital
pre-screening of patients at
risk for dementia.

Goal to develop a multivari-
able, validated, and gener-
alizable model using
structured and unstruc-
tured EHR data to identify
early prodromal ADRD
signatures up to S years
before diagnosis.

Setting: Kaiser Permanente
Washington (KPWA), an
integrated healthcare
delivery system

498 participants in the
Adult Changes in
Thought (ACT) study,
who were found to have
dementia based on a com-
prehensive process to
detect and diagnose
dementia conducted every
2 years and who had
linked EHR data. Patients
with existing dementia or
memory loss diagnosis
codes or dementia medica-
tion fills were excluded.

2159 cases and 11,558 con-
trols from 15 and 25 dif-
ferent institutions,
respectively.

Data from the Indiana Net-
work for Patient Care
(INPC) health information
exchange that includes
structured and unstruc-
tured (visit notes, progress
notes, medication notes)
EHR data. Cases and con-
trols were matched on
age, race, and sex. The
derivation sample con-
sisted of 10 504 cases and
39 510 controls; the vali-
dation sample included
4500 cases and 16 952
controls.

Cases were required to be
active in the INPC by hav-
ing at least 1 medical
encounter every other
year for 10 years leading
up to their first ADRD-
coded visit.

EHR predictors included

demographics, medical
diagnoses, vital signs,
healthcare utilization and
medications within the pre-
vious 2 years.

Potential predictors included

age, gender, race, institu-
tion, medications, diagno-
ses, and note text.

Conceptual model-based

algorithm—includes struc-
tured and unstructured
data based on expert input.
14 diagnostic risk variables
and 10 drug classes in addi-
tion to new variables pro-
duced from unstructured
data (eg, disorientation,
confusion, wandering,
apraxia).

Cognitive Abilities Screening
Instrument (CASI) and if
abnormal in-depth evalua-
tion including a neuropsy-
chological test battery,
physical examination includ-
ing neurologic assessment,
and detailed review of medi-
cal records. Imaging ordered
if needed. Results confirmed
by multidisciplinary consen-
sus committee based on
standard research criteria.

Cases were identified via
diagnosis codes.

Adult patients with at least 2
clinical visits with ADRD
diagnostic codes between Jan
1, 2008, and December 31,
2016.

The final 31-predictor model

included markers of
dementia related symp-
toms, healthcare utilization
pattern and dementia risk
factors. Discrimination was
good (c statistic, 0.78, 95%
CI:0.76,0.81) for develop-
ment and validation (0.81;
0.78,0.84).

The final model was general-

izable across multiple insti-
tutions and predicted
dementia within 1 year of
its onset with sensitivity,
specificity, and accuracy of
74.0%, 72.6%, and
72.6%, respectively.

Structured data plus unstruc-

tured data performed better
than structured data alone
based on AUROC of pre-
dicting diagnosis during the
coming 1-10 years (.798 vs
.689). Using a cutoff to
maximize both sensitivity
and specificity of 1-10 year
prediction yielded 62%
sensitivity and 88 %
specificity.

This paper describes an
EHR-based tool to
help detect patients
with unrecognized
dementia. Patients
scoring in the top 5%
were estimated to
have a 16% chance of
having unrecognized
dementia vs 3% in the
rest of the sample.

This paper aimed to
identify future diagno-
sis of ADRD. We
report data here for
models predicting
development of
ADRD in the coming
1-10 years.

(continued)
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Table 2. (continued)

Article Use of algorithm Studied population (inclu- Data elements from EHR to Reference standard Performance Notes
sion/exclusion, setting, and  create phenotype (predictors)
sample size)

Ernecoff NC, To develop an electronic Out of 1615 adult patients The final algorithm used age Palliative care physician PPV of 76.3% for dementia

et al.’® health record (EHR) phe- admitted to a tertiary aca- and 34 ICD codes associ- determination based on and 24.5% for late stage
notype to identify inpa- demic hospital, this algo- ated with dementia or cog- review of the EHR and con- dementia patients: a false
tients with late-stage rithm identified 371 nitive impairment. versation with patient’s discovery rate of 23.7% for
dementia for a clinical patients with EHR data attending physician to con- dementia and 75.5%.Sensi-
trial of palliative care suggesting possible late- firm dementia diagnosis and  tivity 59.7% to identify
consultation. stage dementia. After man- Global Deterioration Scale hospitalized patients with
ual chart review by Stage 5-7 dementia.
research staff, 174 were
referred to a palliative care
physician, who served as a
reference standard. 91 of
these patients were con-
firmed to have advanced
dementia after chart
review.
Hane CA, et To facilitate identification of Nori V, et al. Machine Adds proprietary NLP review Same as per Nori 2019 When using clinical notes, the
al.®® large potential patient pop- learning models to predict of clinical notes to Nori area under the curve (AUC)
ulations for clinical trial onset of dementia: a label 2019 study improved from 0.85 to
recruitment. learning approach. Alz- 0.94.
heimer’s Dement 2019;
5:918-925
Same sample as Nori 2019
study except that it is lim-
ited to patients that have
2 unique dates with a clin-
ical note at least 31 days
apart in a 2-year data col-
lection period defined for
each patient.

Li Q,etal.*®  To explore machine learning 23,835 ADRD and 1,038,643 EHR data, including age, gen- ~ ADRD was defined using a The gradient boosting tree
methods for early predic- control patients were iden- der, race, ethnicity, marital combination of diagnostic models trained with the
tion of Alzheimer’s disease tified from the status, smoking status, codes and anti-dementia data-driven approach
and related dementias using OneFlorida+ Research medications, vital signs, lab medications (ie, donepezil, achieved the best area
real-world electronic health Consortium, a clinical test results, procedural and galantamine, memantine, under the curve scores of
record (EHR) data. research network using diagnostic codes. and rivastigmine) based on 0.939, 0.906, 0.884, and

data from EHRs, govern- existing relevant comput- 0.854 for early prediction
ment claims, vital statistics, able phenotypes in the of ADRD 0, 1, 3, or 5 years
tumor registries, and other literature. before diagnosis,

sources. respectively.

McCoy TH,  To examine the association of 535,814 hospitalized adults Sociodemographic features  Diagnosis was ascertained The C statistics for a diagno-  This paper was aimed at

et al.*° cognitive symptoms docu- from 2 large academic med- (age at admission, sex, using ICD 9 and 10 codes sis of dementia during up developing a tool to

mented in hospital dis-
charge notes with incident

ical centers, of whom

and race/ethnicity),
administrative diagnostic

and problem list codes for
dementia.

to 8 years of follow-up in
the development cohort,

identify patients at
risk for dementia.

(continued)
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Table 2. (continued)

Article Use of algorithm Studied population (inclu- Data elements from EHR to Reference standard Performance Notes
sion/exclusion, setting, and  create phenotype (predictors)
sample size)
dementia diagnosis during 10,418 (1.9%) received a codes, and narrative hos- the validation cohort, and a They used EHR from
up to 8 years of follow-up. new diagnosis of dementia pital discharge summary combined cohort were 0.61 2 large academic med-
notes. Applied NLP proc- (95% CI10.60-0.61), 0.65 ical centers and an
essing tool that identifies (95% CI0.64-0.66), and NLP processing tool
cognitive symptoms 0.62 (95% CI1 0.62-0.63), to estimate cognitive
described in prior paper® respectively. symptomatology.
to narrative hospital dis- They showed that
charge summary notes. patients with cogni-
*McCoy TH et al. “High tive symptoms are at
throughput phenotyping higher risk for demen-
for dimensional psychopa- tia up to 8 years in the
thology in EHRs” future.
Nori VS, et To improve the accuracy of a De-identified administrative ~ Age, gender, utilization Algorithm derived from prior AUC of 94.4% and F1 score
al.#! predictive model for claims and EHR data (number of encounters), paper focused on adminis- of 54.1%
dementia that could be from Optum Labs Data diagnoses (ICD-9 & 10), trative claims™
deployed as a first round Warehouse, Patients are procedures (CPT-4), medi-  Variables in algorithm
screening tool for clinical 45 years or older, study cation (from pharmacy include ICD codes (inpa-
follow-up, including neuro- dates 1/1/2007-12/31/ fills and prescriptions tient or outpatient), phar-
logical examination, neuro- 2017. written) in the sequence in macy claims, diagnosis or
psychological testing, N=>12 million which they occurred, and procedure codes for scans,
imaging, and recruitment Episode Treatment failed cognitive test
to clinical trials. Groups. *Nori VS, et al. Identifying
incident dementia by apply-
ing machine learning to a
very large administrative
claims dataset. PLOS ONE.
2019; July
5:14(7):¢020346.
Nori VS, et To find patients at high risk De-identified administrative ~ Various ICD, CPT, and Epi- 5 rules to decide which sensitivity of 47% and area-
al.?’ of developing ADRD for claims and EHR data sode Treatment Group patients are cases (1) Con- under-the-curve of 87%
trial recruitment, clinical from Optum Labs Data codes firmed diagnosis (based on
care, and identification of Warehouse, Patients are presence of ICD codes), (2)
risk and protective factors. 45 years or older, study a single prescription from a
dates 1/1/2007-12/31/ list of cholinergic agents, (3)
2017 a combination of meman-
Cohort (n=121,907 and tine prescription and a sub-
controls n=5,307,045) sequent ICD code, (4) a
brain scan with a compati-
ble diagnosis on one claim
or same date in EHR data
followed by an ICD code
(5) MMSE<=23 or Mini-
cog<=4 and MOCA<=25
as identified by NLP
Shao Y, et This study sought to identify ~ 1861 cases (based on demen-  ICD or CPT codes, medica- Two dementia specialists AUC 0.91. Choosing a binary
al.® VA patients over age tia ICD codes assigned by a tions, clinical document reviewed 22,980 clinic notes  cutoff to optimize

65 years with undiagnosed

specialty clinic to VA

types, clinical document

from 120 controls to

(continued)
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Table 2. (continued)

Article Use of algorithm Studied population (inclu- Data elements from EHR to Reference standard Performance Notes
sion/exclusion, setting, and  create phenotype (predictors)
sample size)
dementia by analyzing both ~ patients > 65 years old) text from the VA EHR dur- determine whether each sensitivity and specificity
structured and unstruc- and 9305 controls (same ing the 3-year period imme- control demonstrated signs yields 0.83 for both.
tured EHR data. age, but without dementia diately preceding the first and symptoms that were
diagnoses or medications) ICD diagnosis of dementia consistent with “Dementia”
matched 5:1 based on gen- (or a random visit date for or “Non-Dementia.”
der, age, and Charlson controls).
comorbidity index.
Tjandra D, et The authors sought to Training data came from Predictors included patient Diagnosis based on ICD codes.  Area under the receiver oper-
al.* develop and validate a 6860 patients in an EHR age, sex, race, weight, dem- ating characteristic curve
model to show that blood instance serving 5 hospitals ographics, and longitudinal was 0.64 [95% confidence
pressure trajectories over in one Veterans Integrated vital sign measurements. interval (CI) 0.54-0.73] in
time could be used to Service Network. Valida- the development dataset vs
improve prediction of Alz- tion data came from 1201 0.66 (95% CI 0.55-0.76)
heimer’s disease. patients in an EHR in the validation dataset.
instance serving an aca-
demic medical center.
Patients were required to
have at least 35 blood pres-
sure measurements.
Zheng NS,  Zheng et al describes auto- Electronic health record data  Diagnosis and procedure Clinician-validated algo- Zheng et al reported area
et al.*? mated development of phe- from 84,821 adult patients codes, SNOMED CT con- rithms from the Electronic under the curve 0.867,
Wan NC, et notyping algorithms. The in a deidentified DNA cepts, laboratory and medi- Medical Records and accuracy 0.983, recall
al.*® authors reported on an biobank. cation data Genomics (eMERGE) net- 0.552, positive predictive

example algorithm target-
ing identification of
patients with dementia.
Wan et al improved on the
performance of the initial
algorithm.

work, which used ICD-9
codes, medications, and
visit history

value 1.000, negative pre-
dictive value 0.983. Wan et
al reported improvements
across several algorithms,
but did not report these
metrics.
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clinician, one compared performance to another clinician vali-
dated algorithm, and 8 were only tested using other data ele-
ments in the EHR without any external validation.
Approaches to finding undiagnosed ADRD in these algo-
rithms included identifying cognitive symptomology using
NLP,**32 using a broad scope of ICD’s that include cognitive
impairment,”®°! and calculating a risk model using other var-
iables available in the EHR, such as using demographics,
medical diagnoses, vital signs, health care utilization, and
medications within the previous 2 years.?*>*3*4

Variation in ICD code use among EHR phenotypes
for dementia

Nine out of 20 of the articles overall included ICD codes and
provided details of which ICD codes they used in the manu-
script or publicly available supplementary material. Table 3
summarizes the ICD codes used in each of the algorithms and
compares them to those in the Chronic Conditions Ware-
house (CCW) for ADRD. The CCW serves as an appropriate
comparison since it is a source for national CMS Medicare
and Medicaid research data.*® Surprisingly, there was sub-
stantial variation across algorithms in terms of which ICDs
were used.

DISCUSSION

Our review of the literature identified 19 algorithms that use
EHR data to identify dementia-related phenotypes; 7 for iden-
tifying diagnosed dementia and 12 for identifying individuals
with increased risk for dementia. We expect this review to be
useful for clinicians and health systems interested in identify-
ing patients with ADRD for research (including pragmatic
clinical trials), quality improvement, or enhanced clinical
care.

Investigators may favor certain algorithms over others
based on the goals of their project and available data. Seven
algorithms favored specificity over sensitivity and would be
more appropriate in a pragmatic study or quality improve-
ment effort focused on dementia treatment. For these algo-
rithms, we concluded that ICD-based algorithms tended to
have the highest specificity. However, given known challenges
in timely diagnosis of ADRD, ICD documentation may lag
diagnosable disease.*” Future research should explore how
refining these algorithms can improve their sensitivity and
specificity and how these vary according to patient popula-
tion, setting, and data availability.

The other 12 algorithms are suited for identifying patients
at high risk for dementia since the goal was to create a sensi-
tive, rather than specific, algorithm. These studies may be rel-
evant for improving early diagnosis of high risk populations,
investigating risk factors for ADRD, or implementation of
early interventions to improve care.

Compared to the initial review that considered this topic
for a range of clinical conditions,>> we also found several
types of variation across phenotypes driven by differences in
patient populations, provider organizations, EHRs, and cul-
ture, incentives, and regulations that affect what data is
entered into the EHR. As with nearly all EHR data, it is
biased in that it only consists of patients with utilization. To
the extent that ADRD algorithms require specific ICDs or
other data that is common only in highly specialized care

settings that may be difficult to access, the extent of bias is
likely increased.*®

We found a wide range of reference standards, ranging
from clinical assessment, manual chart review, and compari-
sons to internal reference standards within the EHR among
the manuscripts included in the final tables. Many of the algo-
rithms were validated using other data within the EHR, how-
ever, this approach has limitations. Diagnosis codes such as
ICD codes are often used in these studies as a definitive diag-
nosis, but this assumes billing practices accurately reflect diag-
nostic rigor or care provided, which is often not the case.*’
Further, accuracy of billing codes may vary depending on
payment structure or care continuity. For example, a health
system that provides fee-for-service billing may have billing
codes that differently reflect care received as compared to a
capitated payment system.’° Incentives to use dementia billing
codes to increase reimbursement may also vary across health
systems. Further, a patient that is not continuously followed
within a health system will be less likely to be identified, even
if they are known to have dementia, simply because there are
less data points available.

Another key point is that not all types of billing codes have
similar accuracy. For example, a billing code for dementia
may be required to order an imaging study to conduct an
evaluation for the disease, even though the study results do
not indicate dementia. In contrast, an ICD code that is
reflected on a patient’s problem list is likely to be more accu-
rate. To improve the discrimination of EHR-based algorithms
that utilize ICD data, future research should consider ICD
provenance (eg, problem list, physician billing, or facility bill-
ing) and insurance type.

As with nearly any diagnosis, we found that, in general,
requiring more ICD codes improved specificity, but reduced
sensitivity. We also conclude that although NLP approaches
may improve sensitivity, patients identified by algorithms
using this approach may require further screening depending
on the organizational context and clinical care delivery cul-
ture and these algorithms may require adaptation and further
validation when applied to different healthcare settings.

Our review identifies the array of studied approaches for
defining an EHR phenotype for ADRD and considers which
approaches may work best in different scenarios. EHR infra-
structure and culture of care is different across health systems.
It may be necessary to adapt and validate a common
approach at each site to take into account varying documen-
tation practices, data structures, patient populations, and
local practices. Future research should describe how various
project scenarios led to the choice of a certain algorithm, and
to what extent these algorithms aided in the achievement of
project goals. Future work should expand on work done to
date for multisite validation of AD/ADRD EHR phenotypes
to improve accuracy and generalizability.’"*? Understanding
how the EHR could be leveraged to further classify
the severity of dementia is an additional important focus
area.’” ™’

EHRs are not static and active engagement with health sys-
tem can lead to more innovative research and better EHR
phenotypes that are more generalizable.***® Health systems
may benefit from EHR modifications that allow consistent
documentation of cognitive screening results or dementia
severity so that this information is readily available as struc-
tured data and thereby available to inform opportunities for
clinical improvements and research opportunities for patients



Table 3. ICD dementia codes used in EHR phenotype algorithms that are available in the manuscripts of publically available supplements compared to ICD dementia codes used in the CMS chronic condition
warehouse for ADRD

Chronic condition ~Amra  Boustani  Ernecoff Hane Harding Nori2019 Nori2020 Reuben Wei

warehouse
for ADRD

ICD-9
V40.31 Wandering in diseases classified elsewhere X
46.19 Creutzfeldt-Jakob disease, unspecified X
290 Dementias X X X X
290.0 Senile dementia uncomplicated X X X X X X X
290.1 Presenile dementia X X X X X
290.10 Presenile dementia uncomplicated X X X X X X X
290.11 Presenile dementia with delirium X X X X X X
290.12 Presenile dementia with delusional features X X X X X X X
290.13 Presenile dementia with depressive features X X X X X X X
290.2 Senile dementia with delusional or depressive features X X X X X
290.20 Senile dementia with delusional features X X X X X X X
290.21 Senile dementia with depressive features X X X X X X X
290.3 Senile dementia with delirium X X X X X X X X
290.4 Vascular dementia X X X X X
290.40 Vascular dementia, uncomplicated X X X X X X X
290.41 Vascular dementia, with delirium X X X X X X X X
290.42 Vascular dementia, with delusions X X X X X X X X
290.43 Vascular dementia, with depressed mood X X X X X X X
290.8 Other unspecified senile psychotic conditions X X X
290.9 Unspecified senile psychotic condition X X X X X
291.1 Alcohol-induced persisting amnestic disorder X X X
291.2 Alcohol-induced persisting dementia X X X X
292.82 Drug-induced persisting dementia X X
293.1 Subacute delirium X
293.81 Psychotic disorder with delusions in conditions classified X

elsewhere
294.0 Amnestic disorder in conditions classified elsewhere X X X X X
294.1 Dementia in conditions classified elsewhere X X X X X
294.10 Dementia in conditions classified elsewhere without behavioral X X X X X X X

disturbance
294.11 Dementia in conditions classified elsewhere with behavioral X X X X X X X X

disturbance
294.2 Dementia, unspecified X X X X
294.20 Dementia, unspecified, without behavioral disturbance X X X X X X
294.21 Dementia, unspecified, with behavioral disturbance X X X X X X X
294.8 Other persistent mental disorders due to conditions classified X X X X X

elsewhere
294.80 Atypical or mixed organic brain syndrome X X
294.9 Unspecified persistent mental disorders due to conditions clas- X X

sified elsewhere
298.2 Reactive confusion X
300.12 Dissociative amnesia X
300.16 Factitious disorder with predominantly psychological signs X

and symptoms
300.9 Unspecified nonpsychotic mental disorder X
310.0 Frontal lobe syndrome X X X

(continued)
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Table 3. (continued)

Chronic condition ~Amra  Boustani  Ernecoff Hane Harding Nori2019 Nori2020 Reuben Wei
warehouse
for ADRD
310.1 Personality change due to conditions classified elsewhere X
310.8 Other specified nonpsychotic mental disorders following X
organic brain damage
310.89 Other specified nonpsychotic mental disorders following X
organic brain damage
310.9 Unspecified nonpsychotic mental disorder following organic X
brain damage
327.41 Confusional arousals X
331 Other cerebral degenerations X
331.0 Alzheimer’s disease X X X X X X X
331.1 Frontotemporal dementia X X X X X X
331.11 Pick’s disease X X X X X X
331.19 Other frontotemporal dementia X X X X X X X
331.2 Senile degeneration of brain X X X X X X
331.6 Corticobasal degeneration X
331.7 Cerebral degeneration in diseases classified elsewhere X X
331.82 Dementia with Lewy bodies X X X X X X X
331.83 Mild cognitive impairment, so stated X X X X X
331.89 Other cerebral degeneration X
331.9 Cerebral degeneration unspecified X
333.0 Other degenerative diseases of the basal ganglia X
333.4 Huntington’s chorea X
434.91 Cerebral artery occlusion unspecified without cerebral X
infarction
436 Acute but ill-defined cerebrovascular disease X
4371 Other generalized ischemic cerebrovascular disease X
437.8 Other ill-defined cerebrovascular disease X
437.9 Unspecified cerebrovascular disease X
438 Late effects of cerebrovascular disease X
438.0 Cognitive deficits X
438.89 Other late effects of cerebrovascular disease X
780.9 Other general symptoms X
780.93 Memory loss X X X
797 Senility without psychosis X X X X X
799.52 Cognitive communication deficit X
799.53 Visuospatial deficit X
799.55 Frontal lobe and executive function deficit X
799.59 Other signs and symptoms involving cognition X X X
1ICD-10
A81.00 Creutzfeldt-Jakob disease, unspecified X
F01.50 Vascular dementia without behavioral disturbance X X X X X X X
F01.51 Vascular dementia with behavioral disturbance X X X X X X X
F02.80 Dementia in other diseases classified elsewhere without behav- X X X X X X X
ioral disturbance
F02.81 Dementia in other diseases classified elsewhere with behavioral X X X X X X X
disturbance
F03.90 Unspecified dementia without behavioral disturbance X X X X X X X
F03.91 Unspecified dementia with behavioral disturbance X X X X X X X

(continued)
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Table 3. (continued)

Chronic condition ~ Amra  Boustani  Ernecoff Hane Harding Nori2019 Nori2020 Reuben Wei

warehouse
for ADRD

FO4 Amnestic disorder due to known physiological condition X X X X
FOS Delirium due to known physiological condition X X
F06.0 Psychotic disorder with hallucinations due to known physio- X

logical condition
F06.1 Catatonic disorder due to known physiological condition X X X
F06.8 Other specified mental disorders due to known physiological X X

condition
F07.0 Personality change due to known physiological condition X
F10.27 Alcohol dependence with alcohol-induced persisting dementia X X X
F10.97 Alcohol use, unspecified with alcohol-induced persisting X X X

dementia
F13.27 Sedative, hypnotic, or anxiolytic dependence with sedative, X

hypnotic, or anxiolytic-induced persisting dementia
F13.97 Sedative, hypnotic, or anxiolytic use, unspecified with sedative, X

hypnotic, or anxiolytic-induced persisting dementia
F18.17 Inhalant abuse with inhalant-induced dementia X
F18.27 Inhalant dependence with unspecified inhalant-induced X

dementia
F18.97 Inhalant use, unspecified with inhalant-induced persisting X

dementia
F19.17 Other psychoactive substance abuse with psychoactive sub- X

stance-induced persisting dementia
F19.27 Other psychoactive substance dependence with psychoactive X

substance-induced persisting dementia
F19.97 Other psychoactive substance use, unspecified with psychoac- X

tive substance-induced persisting dementia
F30.8 Other manic episodes X
F99 Mental disorder, not otherwise specified X
G10 Huntington’s disease X
G13.8 Systemic atrophy primarily affecting central nervous system in X

other diseases classified elsewhere
G23.0 Hallervorden-Spatz disease X
G23.1 Progressive supranuclear ophthalmoplegia Steele-Richardson- X X

Olszweski
G23.2 Striatonigral degeneration X
G23.8 Other specified degenerative diseases of basal ganglia X
G30.0 Alzheimer’s disease with early onset X X X X X X
G30.1 Alzheimer’s disease with late onset X X X X X X
G30.8 Other Ahlzeimer’s disease X X X X
G30.9 Alzheimer’s disease, unspecified X X X X X X
G31.01 Pick’s disease X X X X X X
G31.09 Other frontotemporal dementia X X X X X X X
G31.1 Senile degeneration of brain, not elsewhere classified X X X X X
G31.2 Degeneration of nervous system due to alcohol X
G31.83 Dementia with Lewy bodies X X X X X X
G31.84 Mild cognitive impairment, so stated X X X X X
G31.85 Corticobasal degeneration X
G31.89 Other specified degenerative diseases of nervous system X

(continued)
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Table 3. (continued)

Chronic condition Ernecoff Harding  Nori2019  Nori 2020
warehouse
for ADRD
G31.9 Degenerative disease of nervous system, unspecified
G46.8 Other vascular syndromes of brain in cerebrovascular diseases X
G93.1 Anoxic brain damage, not elsewhere classified X
G9%4 Other disorders of brain in diseases classified elsewhere X
160.XX Nontraumatic subarachnoid hemorrhage X
161.X Nontraumatic intracerebral hemorrhage X
161.9 Nontraumatic intracerebral hemorrhage, unspecified X X
162.XX Other and unspecified nontraumatic intracranial hemorrhage X
163.XX Cerebral infarction X
163.511 Cerebral infarction due to unspecified occlusion or stenosis of X X
right middle cerebral artery
163.521 Cerebral infarction due to unspecified occlusion or stenosis of X X
right anterior cerebral artery
163.9 Cerebral infarction, unspecified X X
165.XX Occlusion and stenosis of precerebral arteries, not resulting in X
cerebral infarction
165.29 Occlusion and stenosis of other precerebral arteries X X
166.XX Occlusion and stenosis of cerebral arteries, not resulting in cer- X
ebral infarction
167.XX Other cerebrovascular diseases X
167.89 Other cerebrovascular disease X X
167.9 Cerebrovascular disease, unspecified X X
168.X Cerebrovascular disorders in diseases classified elsewhere X
168.8 Other cerebrovascular disorders in diseases classified elsewhere X X
169.XX Sequelae of cerebrovascular disease X
169.80 Unspecified sequelae of other cerebrovascular disease X X
169.81 Cognitive deficits following other cerebrovascular disease X X
169.91 Cognitive deficits following unspecified cerebrovascular disease X X X
R41.1 Anterograde amnesia X X
R41.2 Retrograde amnesia X X
R41.3 Other amnesia X X
R41.81 Age-related cognitive decline X X
R41.841 Cognitive communication deficit X
R41.844 Frontal lobe an executive function deficit X
R41.89 Other symptoms and signs involving cognitive functions and X
awareness
RS54 Age-related physical debility X
S06.9X0A  Unspecified intracranial injury without loss of consciousness, X
initial encounter
S06.9X0D  Unspecified intracranial injury without loss of consciousness, X
subsequent encounter
S06.9X0S  Unspecified intracranial injury without loss of consciousness, X
sequela
S09.90XA  Unspecified injury of head, initial encounter X
S09.90XD  Unspecified injury of head, subsequent encounter X
S09.90XS  Unspecified injury of head, sequela X
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with dementia. Closer relationships between payers and pro-
viders, such as in accountable care organizations, may also
make real-time linkages to other data sources such as Medi-
care, MDS, or OASIS data more feasible which could also
lead to more robust phenotypes for dementia.
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