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Abstract

Background: Identifying caregiver availability, particularly for patients with dementia or those with a disability, is critical to
informing the appropriate care planning by the health systems, hospitals, and providers. Thisinformation is not readily available,
and there is a paucity of pragmatic approaches to automatically identifying caregiver availability and type.

Objective:  Our main objective was to use medical notes to assess caregiver availability and type for hospitalized patients with
dementia. Our second abjective was to identify whether the patient lived at home or resided at an institution.

Methods: In this retrospective cohort study, we used 2016-2019 telephone-encounter medical notes from a single institution to
develop a rule-based natural language processing (NLP) algorithm to identify the patient’s caregiver availability and place of
residence. Using note-level data, we compared the results of the NL P algorithm with human-conducted chart abstraction for both
training (749/976, 77%) and test sets (227/976, 23%) for atotal of 223 adults aged 65 years and older diagnosed with dementia.
Our outcomes included determining whether the patients (1) reside at home or in an institution, (2) have aformal caregiver, and
(3) have an informal caregiver.

Results: Test set results indicated that our NLP algorithm had high level of accuracy and reliability for identifying whether
patients had an informal caregiver (F;=0.94, accuracy=0.95, sensitivity=0.97, and specificity=0.93), but was relatively less able
to identify whether the patient lived at an institution (F,=0.64, accuracy=0.90, sensitivity=0.51, and specificity=0.98). The most
common explanations for NL P misclassifications across all categorieswere (1) incomplete or misspelled facility names; (2) past,
uncertain, or undecided status; (3) uncommon abbreviations; and (4) irregular use of templates.

Conclusions: This innovative work was the first to use medical notes to pragmatically determine caregiver availability. Our
NLP agorithm identified whether hospitalized patients with dementia have aformal or informal caregiver and, to alesser extent,
whether they lived at home or in an institutional setting. There is merit in using NLP to identify caregivers. This study serves as
aproof of concept. Future work can use other approaches and further identify caregivers and the extent of their availability.
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Introduction

Clinical practice creates a large amount of structured and
unstructured data[1,2]. Although the el ectronic medical record
(EMR) has dlowed health care systems to collect clinical
encounter data, the collection process and reporting are still
inefficient. This inefficiency is burdensome for health care
workers and providers and may negatively impact patient care
[1,2]. Furthermore, alarge portion of the datain health careis
in a free-text format. The data are entered into the system by
multiple individuals (medical students, nurses, social workers,
etc) and lack a specific template, are not easily searchable by
health care workers, and are not readily available for clinical
decision-making. Applying natural language processing (NLP)
to medical notes has shown promising results in diagnosing
certain conditions[3,4], predicting adverse health events [5,6],
and identifying socia determinants of health [7].

Systematic collection of caregiver information in EMR is a
challenging task [8]. Although caregivers play an essential role
inthe health and well-being of peoplewith complex care needs,
such as those with dementia or a disability [9], health care
systems are not equipped to readily identify caregiver
availability (or lack thereof), type of care provided, time
availability, and other helpful information about caregiver
support. Despite the emergence of NLP in health care [10-14],
there is a paucity of work examining the pragmatic collection
of caregiver information [9].

Approximately 6 million older adults in the United States live
with dementia. This number isexpected to double by 2050 [15].
Because of more cognitive and physical limitations, compared
with other older adults, people with dementia often have
complex care management needs, and their well-being depends
on their caregivers [16-19]. For example, postdischarge care
coordination with apatient’s caregiver may reduce readmission
or other adverse health events. It iscritical for the health systems
to quickly identify and act upon caregiver availability
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information for patients with complex care needs, particularly
after hospital discharge.

In thiswork, we aimed to provide a proof of concept that NLP
can reliably identify caregiver availability and type viamedical
notes. we examined the following three outcomes: (1) whether
apatient livesat homevsin aninstitution, (2) whether a patient
has aformal caregiver (paid), and (3) whether a patient has an
informal caregiver (eg, a family member). We hypothesized
that using NLP, we would be able to reliably determine each
of the above outcomes.

Methods

Data Source

To examine caregiver availability and type of caregivers, if any,
for patients diagnosed with dementia, we used medical notes
from Michigan Medicine (MM)alarge academic medical center
in Southeast Michigan. Our initial patient cohort wasidentified
using the International Classification of Disease, 10th revision
codes (Table S1 in Multimedia Appendix 1) from structured
EMRs between October 2015 and January 2020. Using a1-year
look back period, we identified 2205 unique patients with
dementiawith at |east one hospitalization in MM.

There are 60 different types of medical notes in MM. We
randomly explored 10 notes from each category to identify the
most promising type of notes for this study. Moreover, we
sought expert advice from ageriatric MM nurse to identify the
most promising medical notesfor information about caregivers.
Both approaches led us to use tel ephone encounter notes. Out
of 2205 unique patients, 2017 had at least one telephone
encounter note. We randomly selected and annotated atotal of
976 telephone encounter notes (n=224 unique number of
patients), of which 749 (77%) and 227 (23%) notes were
partitioned into training (n=167 unigque number of patients) and
test (n=57 unique number of patients) sets, respectively.
Furthermore, we ensured that all notes for each patient were
kept within the same set. Figure 1 presents a schematic flow
diagram of our sampling process.
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Figure 1. Schematic flow diagram (source: 2016-2019 Michigan Medicine Electronic Medical Records). ED: emergency department.
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Annotations

To accomplish high interrater reliability, 2 team members, a
nurse experienced in reading and writing medical notesat MM
and asocid scientist with no medical background, independently
annotated all notes. Discrepancies in annotation were resolved
with al team members’ participation. Our research questions
included the following:

1. Doesthe patient reside at home or in an institution?
2. Doesthe patient have aformal (hired) caregiver?
3. Does the patient have an informal (a family member or a

friend) caregiver?

The above research guestions were chosen because the place
of residence and caregiver availability are interconnected.
Furthermore, our caregiver featureswere not mutually exclusive
becauseit is plausible that the patient has both an informal and
formal caregiver ssmultaneously [9]. Each criterion had the
following two levels for annotation: O (based on lack of
information or explicit negation) and 1 (based on implied or
explicit narration in the note). If the note had no information
about potential outcomes, we coded all features as zeros. Since
a patient’s circumstances (place of residence and caregiver
availability) may change over time, our unit of analysiswasthe
note (nested withinindividua patients). Each note was annotated
independently, relying only on information found in that note.
Using this method, we sought to identify the patient’s place of
residence and caregiver availability longitudinaly at each
specific time.

M odel

First, we preprocessed the data based on patterns we saw in the
training set and then used 2 lexicons to construct a rule-based
approach to characterizing each note. We measured the model’s
performance in training and test sets, separately, using the
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F,-score, accuracy, sensitivity, and specificity of the model
against our gold standard—manual annotations of the notes.
F,-score summarizes the predictive power of an algorithm as
the harmonic mean of precision and recall. Accuracy measures
how many observations—positive and negative—were correctly
classified [20].

Preprocessing

Through our annotation process, we discovered multiple terms
that frequently led to false positives. For example, “family
medicine” raised a false positive for “family,” and “patient
portal” raised afalse positive for “patient.” Additionally, some
notes contain template sections and subheading phrases such
as"Family History,” which would list multiple familial relations
that, in this context, would not be caregivers. These words and
phrases were removed from medical notes before applying our
algorithm (items 3 and 4 in the “Description of Rule-Based
Algorithm” below).

L exicon

Our 2 lexicons were dictionaries of terms used to identify (1)
place of residence and (2) type of caregiver, if any. Specific
terms (eg, “home,” “atriaann arbor,” and “linden square”’) were
used to determine the current place of residence. To determine
if apatient resides in an ingtitution or at home, we used a list
of nursing homes and care facilities in Washtenaw County
(obtained from the University of Michigan) and alist of skilled
nursing facilities in the state of Michigan (obtained from the
Centers for Medicare and Medicaid Services website) [21].
Caregiver type was categorized into 2 groups—formal and
informal—using genera terms for caregivers (eg, “sister,’
“husband,” or “visiting nurse”). To determine the presence and
type of caregivers, we used a list of commonly used terms for
friendsand family membersand formal caregiversbased on our
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consultations with practitioners (nurses, physicians, and care
coordinators at MM).

Our data dictionary can be found in alphabetical order in Table
S2in Multimedia Appendix 1. Should aterm from thedictionary
be found in a medical note, we would use the corresponding
labels associated with the term to characterize the note. For
example, if a“visiting nurse” and “spouse” were both found in
anote, the algorithm would rule that the patient had both formal
(visiting nurse) and informal (spouse) caregivers.

Multipleruleswereimplemented to account for amore complex
logic in determining the place of residence and caregiver
presence or type. Throughout the algorithm, a 4-word window,
rather than a fewer- or more-word window, was used because
the 4-word window achieved the best accuracy in the training
set.

Patient Verb Neighborhood

A lexicon was created that included verbs such as “agreed,”
“asked,” or “reported,” suggesting that apatient residesat home
if these verbs appeared within a4-word window of the following
terms: “pt,” “patient,” or “patient’s’ (Table S3 in Multimedia
Appendix 1). This was used to determine whether the patient
had any relevant caregiver information, even if identified terms
in the dictionary were not found in the note. Since health care
workers would often discuss the “patient” in a non—caregiver
related context, we could not simply search for the previous 3
words.

I nstitution Negation Neighborhood

In many cases, aningtitution’s name appearsin the note without
any relation to patient’s current place of residence or status of
caregiver support. Examples include potential plans when a
patient was discharged from the hospital or in discussion with
family membersfor referral to an ingtitution or if a patient was
in an institution for subacute rehabilitation, which would not
be considered a place of residence or a caregiver. We created
alexicon for institution negation words and searched for them
within a 4-word window of each ingtitution’s name. If the
specified negation words were found, then the institution was
disregarded for that note.

If no terms were found, it was determined that the note had no
information available to predict the place of residence or
caregiver presence, and all fields were set to zero.

Description of the Rule-Based Algorithm

The 13 selection criteria, provided in the annotation guidelines
and coded in order in the algorithm, are described below:

1. Replace “PT" (uppercase) with “physical therapy” in the
original medical notes to avoid erroneous pickups of “pt”
as an abbreviation of “patient.”

2. Convert the origina text in notes to lowercase | etters.

3. Remove the following patterns in the lowercase notes to
avoid false positives. “nurse navigator,” “navigator nurse,”
“patient portal,” “patient name,” “relationship to patient”
followed by blank spaces with no answer, “e.g., visiting
nurse” “patient & caregiver,” “patient or caregiver,’
“patient &/or caregiver,” “family medicing” “family
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practice,” “family doctor,” “family physician,” “aone with
family,” “verbalizes understanding,” and *“verbalized
understanding.”

To avoid falsely labeling “family” as informal caregivers,
we removed each occurrence of “family history” and all
words that follow until a new line character.

Remove all occurrencesof “aid” and “aids’ in alowercase
note when any of the following shows up: “sleeping aid,’
“deeping aids,” “deep aid,” “deep aids,” “hearing aid,”
“hearing aids,” “hear aid,” and “hear aids.”

Substitute the following patterns with “patient” to avoid
falsely picking up “want” in the proximity of “patient” or
“pt”: “want the patient,” “wants the patient,” “wanting the
patient,” “want the pt,” “wants the pt,” “wanting the pt,’
“want pt,” “wants pt,” and “wanting pt.”

Substitute “pt or ot,” “pt and ot,” or “pt/ot” with “physical
therapy and ot” to avoid falsely picking up “pt” as* patient.”
Substitute “e-mail” with “email” before tokenization to
avoid “e-mail” being split into “€” and “mail.”

Substitute variants of “patient partner” (eg, “patient’s
partner,” “patients partner,” and “patient\ns partner” with
“\n” being a new line character) with itself.

Oftentimes, the evidence of a*“visiting nurse” may present
itself as avariant (eg, “visit from a home care nurse”). To
avoid missing such cases, for each sentence containing
“nurse,” we searched for variants of “visiting” (eg, “visit”)
before the occurrence of “nurse” within the sentence or
searched for variants of “visiting” after the occurrence of
“nurse” within that sentence and the sentence that follows.
To avoid falsely labeling informal caregiver or home when
an ingtitutional caregiver is present, in each lowercase
medical note, we removed all occurrences of “patient,”
“pt;” “care giver,” “caregiver,” and “guardian” in any
sentence that included an institutional n-gram.

If any ingtitutional term in the dictionary showed up in the
note, there is evidence of institutional caregiver. To rule
out false positives as potential, past, or unapproved
institutional caregivers or when the service is for
rehabilitation purpose only (eg, “patient discharged from
Glacier Hills” “returned home from Glacier Hills” and
“on the waiting list for Glacier Hills’), we looked for
variants of “return from” (eg, “returning from” and
“returned from™), “ discharged from” (eg, “ dischargesfrom”
and “discharging from”), “waiting list” (eg, “wait list” and
“walitlist”), “cancel,” “decline” “approve” require’
“suggest,” “request,” and “rehabilitation” (eg, “rehab”) in
the sentence containing an ingtitutional term. If any of the
variants shows up in the sentence, al occurrences of the
institutional term would be disregarded in the note.

To see whether there is evidence of home self-care
(home=1) when an ingtitutional caregiver is absent, we
looked for patient verbs within a prespecified (n=4) word
window of “patient,” “pt,” or “patient’s”” If thereisat least
one patient verb within a certain neighborhood, there is
evidencethat the patient isinvol ved in the decision-making
of their own health to some extent. In addition, the
occurrence of “relationship to patient:” followed by
“patient,” “pt,” or “salf” inthe note a so constitutes evidence
of home self-care.
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Potential Reasons for Misclassification

The main reasons for algorithm misclassifications using
annotated medical notes as our gold standard will be discussed
and summarized.

Generalizability Using Other Medical Notes

To test the generalizability of our algorithm in other notes, we
examined what percentage of the data dictionary features can
be found in other medical notes. None of these notes were
annotated. The findings provided some preliminary datafor the
next step, which is using other medical notes to make the
algorithm more generalizable.

Ethics Approval

Thisresearch isapproved by Michigan Medicine's|nstitutional
Review Board (HUM00129193).

Results

We used R package version 3.6.3 (The R Foundation) to develop
and test our NLP algorithm. Figure 1 presents the schematic
flow diagram of our sampling. Out of the 304,186 available
telephone encounter notes for our patient cohort, we annotated
749 notes for training and 227 notes for testing.

Table 1 displays some of the characteristics of our patient cohort
(n=223). The average age was 78 (SD 10.94) years, with the
majority being female (n=128, 57%). About 79% (n=176) were
of White and 15% (n=33) of Black racial backgrounds. The
average length of stay in the hospital was 6.78 (SD 6.54) days.
Approximately 24% (n=54) of our patient population were
readmitted or died within 30 days after discharge from the
hospital.

https://aging.jmir.org/2022/3/e40241
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Table 2 shows the results of our rule-based algorithm in our
training and test sets. Among our features of interest (residing
at home, residing at an institution, having a formal caregiver,
and having an informal caregiver), identifying an informal
caregiver was the most reliable feature. Theresult from our test
set indicates high levels of accuracy and reliability for
identifying an informal caregiver (F;=0.942, accuracy=0.947,
sensitivity=0.970, and specificity=0.928). Identifying whether
the patient lives at an institution was the least reliable measure,
with the algorithm being prone to false positives (F;=0.638,
accuracy=0.899, sensitivity=0.512, and specificity=0.978). The
overall accuracy level for all 4 featuresin training and test sets
were 0.858 and 0.655, respectively.

Table 3 summarizes the potential causes of misclassification,
along with some examples and plausi ble explanations. The most
common errors were related to (1) incomplete or misspelled
names of the facilities; (2) past, uncertain, or undecided
situations; (3) lack of specificity; (4) use of uncommon
abbreviations; and (5) irregular use of templates.

To examine the generalizability of our algorithm using other
medical notes, we measured the percentage of the features
defined in our data dictionary in 5 different types of medical
notes (patient care conference, pharmacy, psychiatric ED
clinician, socia work, and student) for our patient cohort (Table
4). The results indicate the highest level of generalizability for
the informal caregiver. For example, 83% (n=1768) and 76%
(n=595) of “patient care conference” and “social work” notes
included information about informal caregivers. On the other
hand, about 69% (n=333) of “pharmacy” notes had extractable
information about aformal caregiver. This information can be
used in future work to examine other types of medical notes.
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Table 1. Descriptive characteristics of individuals included in training and test sets (N=223%).
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Characteristics Values
Age at the time of hospital admission, mean (SD) 77.96 (10.94)
Sex, n (%)
Female 128 (57.4)
Male 95 (42.6)
Race or ethnicity, n (%)
White 176 (78.9)
Black 33(14.8)
Hispanic 3(1.4)
Others 11 (4.9
Length of stay in hospital, mean (SD) 6.78 (6.54)
Payor, n (%)
Medicare+private 103 (46.2)
Medicare+Medicaid 34(15.3)
Medicare only 53 (23.8)
Private only 6(2.7)
Others or missing 27 (12.1)
Readmitted or died within 30 days after hospita discharge, n (%) 54 (24.2)

3Number of unique individuals in the sample. Each person has one or more “Telephone Encounter” medical notes.

Table 2. Model performance summary for training and test sets.

Model Training (N=749) Test (N=227)

Place of residence Caregiver Place of residence Caregiver

Home  Ingtitution Formal Informal Home Institution Formal Informal
F.2 0.942 0.675 0.746 0.951 0.873 0.638 0.640 0.942
Accuracyb 0.923 0.964 0.923 0.964 0.837 0.899 0.841 0.947
Sensitivity® 0947  0.609 0.680 0971 0.870 0512 0571 0.970
Specificity? 0875  0.987 0971 0.960 0.778 0.978 0.930 0.928

8F,-score: the predictive power of an algorithm as the harmonic mean of precision and recall. F4-score ranges between 0 and 1, and the closer it isto

1, the better. F1-score=2 * (precision*recall) / (precision + recall).

BN umber of observations, both positive and negative, correctly classified. Accuracy = (true positive + true negative) / (true positive + false positive +

true negative + false negative).
CAbility of the model to predict atrue positive of each category.
da bility of the model to predict atrue negative of each category.
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Table 3. Potential causes of misclassification with explanation and examples.
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Cause of error

Example

Explanation

Incomplete or mis-  «
spelled names

Past, uncertain, or .
undecided situations

Lack of specificity  «

“Pt stated that the nurse from Residential had difficulty
drawing her blood.”

“Medications are managed by staff at Gilbert House”
“Hartland of Ann Arbor”

Will also need “in Home Care” order.

“He shares that he has explored home health agencies
(found them to be not suitable to what he is seeking).”
“1 love that her long-term goal is already established,
and Glacier Hillsis her final choice.”

“Will have avisit nurse in the near future (will be at
sister’s house).”

“ Spoke with Donna who was caring for Mr. xxx.”
“ Ellen manages medications using monthly organizer.”
“Calling from rehab facility and has some questions

Residential is short for “ Residential Home Health.” If we
add only “Residential” to our data dictionary, the false pos-
itive would increase.

Gilbert House is not in the dictionary. Formal nameis
Gilbert Residence.

Hartland is not in the dictionary. Formal name is Heartland
Health Care Center.

“Home care” picked up by NLP as formal=1.
Falsely picked up “home health” asformal=1.
Falsely picked up ingtitution=1 and formal=1.
Falsely picked up visiting nurse as formal=1.

Itisnot clear whether “Donna’ isaformal or informal
caregiver. The algorithm picked up formal=1.
Algorithm missed Ellen as aformal caregiver (formal=0).

regarding wound care”

Uncommon abbrevi-
ations .

“pt'sdtr”
“her dau isworking during the day.”

o Insome cases, patient staysin the rehab facilities (institu-
tion=1 and formal=1), and in some cases, patient stays at
home and goes to the rehab facility (institution=0 and for-
mal=0). Due to this ambiguity, we did not include rehab
facility in the dictionary.

» dtr and dau are short for daughter. They were not listed in
the dictionary.

Table4. Results of the natural language processing caregiver agorithm in other medical notes (the results show what percentage of the data dictionary

features can be found in other medical notes).

Note type Count, n Overal, n (%)2 Residesat home, n  Residesinaninstitution,n Formal caregiver,n  Informal caregiver,
(%) (%) (%) n (%)

Telephoneencounter 2000 1744 (87.2) 1326 (66.3) 426 (21.3) 704 (35.2) 1612 (80.6)

Patient care confer- 2130 1825 (85.7) 1442 (67.7) 481 (22.6) 688 (32.3) 1768 (83.0)

ence

Pharmacy 483 411 (85.0) 128 (26.4) 320 (66.2) 333(68.9) 140 (29.0)

Psychiatric EDP 488 351 (71.9) 394 (80.7) 41 (8.4) 55 (11.3) 345 (70.7)

clinician

Social work 783 621 (79.3) 612 (78.2) 147 (18.8) 212 (27.1) 593 (75.7)

Student 1201 921 (76.7) 873 (72.7) 160 (13.3) 240 (20.0) 852 (70.9)

#The overall percentage represents the proportion that at least one of the features in our data dictionary was used in the listed medical notes, while the
feature-specific percentage indicates the proportion of notes containing information regarding the specific outcome. Thiswas doneto test the generalizability

of the algorithm in other medical notes for future work.
beD: emergency department.

Discussion

Principal Findings

This project was the first to assess whether medical notes can
beused to identify caregiver availability and place of residence.
We used a rule-based NLP algorithm on a subset of telephone
encounter notes recorded between 2016 and 2019 for patients
diagnosed with dementia to determine caregiver availability
(formal and informal) and place of residence (home or
institution). Our algorithm reliably identified the availability of
an informal caregiver (F;-score=0.94), moderately identified

https://aging.jmir.org/2022/3/e40241
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home as a place of residence (F;-score=0.87), and poorly
identified if the patient lives in an institution (F,-score=0.64)
or hasaforma caregiver (F;-score=0.64).

Comparison With Prior Work

Hospitalsand health systems have made, and continueto make,
substantial investments in their EMR systems. Although a
systematic collection of salient medical and social dataremains
awork in progress, successful effortsusing NLP agorithm have
enabled efficient mining of rich free-text medical notes for
various risk assessment or decision-making tools aimed at
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reducing the occurrences of adverse health events and wasteful
spending [22-24]. Our study aligns with this work to identify
caregiver availability for patientswhose well-being depends on
caregivers.

For many older patients, especially peoplewith cognitive decline
or disability, information on caregiver availability has numerous
applications. For instance, arecent work by Choi et a [9] reveals
that among people with dementia or disability, those with a
greater number of informal caregivers (ie, family members or
closefriends) arelesslikely to beingtitutionalized. Availability
of caregiver information in medical settings may inform abetter
care transition (ie, discharge planning from the hospital), care
use (ie, institution vs home), and care costs [25-29]. Through
care coordination with caregivers, patients may experience better
adherence to follow-up appointments and more effectively
follow a prescribed diet and medication regimen. Moreover,
patientswho need a caregiver but havelittle or no family support
can be identified by social workers or care coordinators to
proactively navigate the use of formal care (ie, nursing home
or paid home care) [29-32].

For this study, we used telephone encounter notes, initiated
based on phone conversations with patients or their caregivers.
Most of these notes are written by nurses based on their
conversations with patients or family members of the patient at
different time points. Perhaps because tel ephone encounter notes
were based on direct conversations with patients or family
members (or other informal caregivers), the algorithm was
highly accurateinidentifying informal caregivers. Furthermore,
sinceusually informal caregiversare closefamily members, we
had a better data dictionary to identify them in text. On the
contrary, considering the vast number of places that offer a
range of services from adult day care centers to independent
living, perhaps we overfitted the model in training set. Hence,
there was adrop in accuracy for the other 3 variablesin the test
set. More work is needed to detect short- and long-term
residential places or paid caregiver organizations or agencies.

Furthermore, in many cases, it was hard to manually—through
human interpretation—deci pher the notes. Medical noteseither
have no standard template or the existing templates were not
standardized or wused irregularly. Various health care
professionals (residents, physicians, nurses, socia workers, etc)
with limited resources and under time pressure write these notes.
Hence, nonstandardized abbreviations (ie, “dau” for “ daughter”),
spelling errors, and incorrect and uncommon names are used
regularly. Many of these issues cannot be addressed using
off-the-shelf packages or programs. By contrast, although not
generalizable, the rule-based NLP algorithm served as a proof
of concept for addressng many institution-specific
terminologies. we plan to address many of the following
limitations in our future work.
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Limitations, Strengths, and Future Work

Our study had afew noteworthy limitations. First, medical notes
are based on unstructured text. We found large variationsin the
amount and type of information provided [31,32]. We used
telephone encounter notes because, based on our examination
of more than 60 different medical notes created within our
institution, they provided the most relevant information
regarding caregivers. We had, however, reasonable results
detecting at least some elements of our data dictionary in other
notes. In thefuture, we plan to make our algorithm generalizable
by training and validating it using other medical notes and data
from other health care centers. Second, manual annotation of
the notes is resource intensive. Thus, our sample size was
relatively small, which we plan to expand in the future. We will
also explore the use of more sophisticated and unsupervised
machinelearning algorithms. Third, to makethe algorithm more
straightforward, we did not distinguish between a lack of
objective and negative evidence. Thus, if there was no evidence
about acaregiver or place of residence, we marked that outcome
aszero. Inour future work, we plan to make the algorithm more
granular by identifying how many of the notes had (1) apositive
indicator, (2) anegativeindicator, and (3) no indicator. Further,
to identify whether the patient lived in an institution, we used
alist of skilled nursing facilities provided by the Centers for
Medicare and Medicaid Services. There are, however, many
unlisted independent living centers, adult day care centers, and
other facilities designed to provide various services (residential
and otherwise). It is challenging to include a comprehensive
list of these facilities and their services. Having a reliable
national directory of these facilities would help improve the
model’s accuracy in determining whether a patient lives in a
facility or isthe recipient of paid or formal services. Finaly, in
thisexploratory work, we only examined the binary availability
of caregivers. Our future work will be focused on more critical
information such asthe caregiver’s proximity to the patient, the
days and times of availability, the caregiver's relation with the
patient, and their capacity to help.

Conclusion

In this study, we used a rule-based approach to train, test, and
develop an NLP algorithm using telephone encounter notes
from our ingtitution to identify whether a patient has a formal
and informal caregiver and whether the patient resides at home
or in an institution at each point in time. Our validated test
results show high levels of accuracy and reliability, particularly
inidentifying whether a patient has an informal caregiver. This
information is critical for vulnerable patient populations such
as those with dementia. Our algorithm can be used as a
stand-alone modul e or in conjunction with other toolsto identify
caregiver availability among high-risk patient populations.
Future work will focus on making the algorithm more granular
and generalizable so it can be used at other institutions.
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notes.

https://aging.jmir.org/2022/3/e40241

JMIR Aging 2022 | vol. 5 | iss. 3| e40241 | p. 8
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR AGING Mahmoudi et &l

The research reported in this publication was supported by National Institute on Aging of the National Institutes of Health
(P30AG066582 and KO1AG06361) and the Alzheimer's Association Research Grant (AARG-NTF-20-685960). Sponsors had
no role in research design, data collection, data analysis, and research findings.

Data Availability

Since medical notes contain identifiable patient information, data sharing is not applicable. The data dictionary is available in
the web-based appendix. The natural language processing algorithm is also available [33].

Authors Contributions

EM and JB conducted the design and development of the research strategy. WW, CN, and EM were responsible for algorithm
development and data validation. All authors performed the drafting and revising of the manuscript.

Conflicts of Interest

None declared.

Multimedia Appendix 1

Supplemental Tables 1-3.
[DOCX File, 41 KB-Multimedia Appendix 1]

References

1.  Cadllier R. Electronic health records contributing to physician burnout. CMAJ 2017 Nov 13;189(45):E1405-E1406 [FREE
Full text] [doi: 10.1503/cmaj.109-5522] [Medline: 29133547]

2. Moy A, Schwartz J, Chen R, Sadri S, LucasE, Cato K, et al. Measurement of clinical documentation burden among
physi cians and nurses using el ectronic health records: ascoping review. JAm Med Inform Assoc 2021 Apr 23;28(5):998-1008
[FREE Full text] [doi: 10.1093/jamia/ocaal325] [Medline: 33434273]

3. DattaS, Bernstam EV, Roberts K. A frame semantic overview of NLP-based information extraction for cancer-related
EHR notes. JBiomed Inform 2019 Dec;100:103301 [ FREE Full text] [doi: 10.1016/j.jbi.2019.103301] [Medline: 31589927]

4.  Castro VM, Minnier J, Murphy SN, Kohane |, Churchill SE, Gainer V, International Cohort Collection for Bipolar Disorder
Consortium. Validation of electronic health record phenotyping of bipolar disorder cases and controls. Am J Psychiatry
2015 Apr;172(4):363-372 [FREE Full text] [doi: 10.1176/appi.ajp.2014.14030423] [Medline: 25827034]

5. Rumshisky A, Ghassemi M, Naumann T, Szolovits P, Castro VM, McCoy TH, et a. Predicting early psychiatric readmission
with natural language processing of narrative discharge summaries. Transl Psychiatry 2016 Oct 18;6(10):€921-e921 [FREE
Full text] [doi: 10.1038/tp.2015.182] [Medline: 27754482]

6. Cook BL, Progovac AM, Chen P, Mullin B, Hou S, Baca-Garcia E. Novel use of natural language processing (NLP) to
predict suicidal ideation and psychiatric symptomsin atext-based mental health intervention in Madrid. Comput Math
Methods Med 2016;2016:8708434-8708438 [FREE Full text] [doi: 10.1155/2016/8708434] [Medline: 27752278]

7. PatraB, SharmaM, VekariaV, Adekkanattu P, Patterson O, Glicksberg B, et a. Extracting social determinants of health
from electronic health records using natural language processing: a systematic review. JAm Med Inform Assoc 2021 Nov
25;28(12):2716-2727 [FREE Full text] [doi: 10.1093/jamia/ocab170] [Medline: 34613399]

8.  Alami H, Lehoux P, Gagnon M, Fortin J, Fleet R, Ag Ahmed MA. Rethinking the electronic health record through the
guadruple aim: time to align its value with the health system. BMC Med Inform Decis Mak 2020 Feb 17;20(1):32 [FREE
Full text] [doi: 10.1186/s12911-020-1048-9] [Medline: 32066432]

9. Choi H, Heider M, Norton EC, Langa KM, Cho T, Connell CM. Family care availability and implications for informal
and formal care used by adults with dementiain the US. Health Aff (Millwood) 2021 Sep 01;40(9):1359-1367 [ FREE Full
text] [doi: 10.1377/hithaff.2021.00280] [Medline: 34495713]

10. Hanauer DA, Mei Q, Vydiswaran VGV, Singh K, Landis-Lewis Z, Weng C. Complexities, variations, and errors of
numbering within clinical notes: the potential impact on information extraction and cohort-identification. BMC Med Inform
Decis Mak 2019 Apr 04;19(Suppl 3):75 [FREE Full text] [doi: 10.1186/s12911-019-0784-1] [Medline: 30944012]

11. Vydiswaran VGV, Strayhorn A, Zhao X, Robinson P, Agarwal M, Bagazinski E, et al. Hybrid bag of approachesto
characterize selection criteria for cohort identification. JAm Med Inform Assoc 2019 Nov 01;26(11):1172-1180 [FREE
Full text] [doi: 10.1093/jamia/ocz079] [Medline: 31197354]

12. Vydiswaran VGV, Zhang Y, Wang Y, Xu H. Special issue of BMC medical informatics and decision making on health
natural language processing. BMC Med Inform Decis Mak 2019 Apr 04;19(Supp! 3):76 [FREE Full text] [doi:
10.1186/s12911-019-0777-0] [Medline: 30943961]

13. Vydiswaran V, Zhao X, Yu D. Data science and natural language processing to extract information in clinical domain.
2022 Presented at: 5th Joint International Conference on Data Science & Management of Data (9th ACM IKDD CODS
and 27th COMAD); January 8-10, 2022; Bangalore, India p. 352-353. [doi: 10.1145/3493700.3493773]

https://aging.jmir.org/2022/3/e40241 JMIR Aging 2022 | vol. 5 | iss. 3 | e40241 | p. 9
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=aging_v5i3e40241_app1.docx&filename=de8594e45e2040cdebf055d42a0d95c6.docx
https://jmir.org/api/download?alt_name=aging_v5i3e40241_app1.docx&filename=de8594e45e2040cdebf055d42a0d95c6.docx
http://www.cmaj.ca/cgi/pmidlookup?view=long&pmid=29133547
http://www.cmaj.ca/cgi/pmidlookup?view=long&pmid=29133547
http://dx.doi.org/10.1503/cmaj.109-5522
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29133547&dopt=Abstract
https://europepmc.org/abstract/MED/33434273
http://dx.doi.org/10.1093/jamia/ocaa325
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33434273&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(19)30221-7
http://dx.doi.org/10.1016/j.jbi.2019.103301
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31589927&dopt=Abstract
https://europepmc.org/abstract/MED/25827034
http://dx.doi.org/10.1176/appi.ajp.2014.14030423
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25827034&dopt=Abstract
https://doi.org/10.1038/tp.2015.182
https://doi.org/10.1038/tp.2015.182
http://dx.doi.org/10.1038/tp.2015.182
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27754482&dopt=Abstract
https://doi.org/10.1155/2016/8708434
http://dx.doi.org/10.1155/2016/8708434
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27752278&dopt=Abstract
https://europepmc.org/abstract/MED/34613399
http://dx.doi.org/10.1093/jamia/ocab170
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34613399&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-020-1048-9
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-020-1048-9
http://dx.doi.org/10.1186/s12911-020-1048-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32066432&dopt=Abstract
https://europepmc.org/abstract/MED/34495713
https://europepmc.org/abstract/MED/34495713
http://dx.doi.org/10.1377/hlthaff.2021.00280
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34495713&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-019-0784-1
http://dx.doi.org/10.1186/s12911-019-0784-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30944012&dopt=Abstract
https://europepmc.org/abstract/MED/31197354
https://europepmc.org/abstract/MED/31197354
http://dx.doi.org/10.1093/jamia/ocz079
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31197354&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-019-0777-0
http://dx.doi.org/10.1186/s12911-019-0777-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30943961&dopt=Abstract
http://dx.doi.org/10.1145/3493700.3493773
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR AGING Mahmoudi et &l

14.

15.

16.

17.

18.

19.

20.

21

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Bynum JP, Dorr DA, LimaJ, McCarthy EP, McCreedy E, Platt R, et al. Using healthcare data in embedded pragmatic
clinical trials among people living with dementia and their caregivers: state of the art. JAm Geriatr Soc 2020 Jul 26;68
Suppl 2(S2):$49-S54 [FREE Full text] [doi: 10.1111/jgs.16617] [Medline: 32589274]

Barnes DE, Yaffe K. The projected effect of risk factor reduction on Alzheimer's disease prevalence. Lancet Neurol 2011
Sep;10(9):819-828 [FREE Full text] [doi: 10.1016/S1474-4422(11)70072-2] [Medline: 21775213]

Sinvani L, Warner-Cohen J, Strunk A, Halbert T, Harisingani R, Mulvany C, et al. A multicomponent model to improve
hospital care of older adults with cognitive impairment: a propensity score-matched analysis. JAm Geriatr Soc 2018 Sep
11;66(9):1700-1707. [doi: 10.1111/jgs.15452] [Medline: 30098015]

Zheng S, Hanchate A, Shwartz M. One-year costs of medical admissions with and without a 30-day readmission and
enhanced risk adjustment. BMC Health Serv Res 2019 Mar 12;19(1):155 [FREE Full text] [doi: 10.1186/s12913-019-3983-7]
[Medline: 30866904]

Zhu CW, Cosentino S, Ornstein K, Gu Y, Andrews H, Stern Y. Use and cost of hospitalization in dementia: longitudinal
results from a community-based study. Int J Geriatr Psychiatry 2014 Oct 29;30(8):833-841. [doi: 10.1002/gps.4222]
Mahmoudi E, Kamdar N, Kim N, Gonzales G, Singh K, Waljee AK. Use of electronic medical recordsin development and
validation of risk prediction models of hospital readmission: systematic review. BMJ 2020 Apr 08;369:m958. [doi:
10.1136/bmj.m958] [Medline: 32269037]

Yacouby R, Axman D. Probabilistic extension of precision, recall, and F1 score for more thorough eval uation of classification
models. 2020 Presented at: Proceedings of the first workshop on evaluation and comparison of NLP systems; November
20, 2020; Online p. 79-91. [doi: 10.18653/v1/2020.eval4nip-1.9]

Nursing homesincluding rehab services datasets. Centersfor Medicare and Medicaid Services. URL: https://data.cms.gov/
provider-data/search?theme=Nursing%20homes%20i ncl uding%20rehab%20services [accessed 2021-08-30]

Sung S, Chen K, Wu DP, Hung L, Su'Y, Hu Y. Applying natural language processing techniques to devel op atask-specific
EMR interface for timely stroke thrombolysis: A feasibility study. Int JMed Inform 2018 Apr;112:149-157. [doi:
10.1016/j.ijmedinf.2018.02.005] [Medline: 29500013]

Ridgway JP, Uvin A, Schmitt J, OliwaT, Almirol E, Devlin S, et al. Natural language processing of clinical notesto identify
mental illness and substance use among people living with HIV: retrospective cohort study. IMIR Med Inform 2021 Mar
10;9(3):€23456 [FREE Full text] [doi: 10.2196/23456] [Medline: 33688848]

Wang J, Deng H, LiuB, Hu A, Liang J, Fan L, et al. Systematic evaluation of research progress on natural language
processing in medicine over the past 20 years: bibliometric study on PubMed. JMed Internet Res 2020 Jan 23;22(1):€16816
[FREE Full text] [doi: 10.2196/16816] [Medline: 32012074]

Kocher RP, Adashi EY. Hospital readmissions and the Affordable Care Act: paying for coordinated quality care. JAMA
2011 Oct 26;306(16):1794-1795. [doi: 10.1001/jama.2011.1561] [Medline: 22028355]

Kripalani S, Theobald CN, Anctil B, Vasilevskis EE. Reducing hospital readmission rates: current strategies and future
directions. Annu Rev Med 2014 Jan 14;65(1):471-485 [EREE Full text] [doi: 10.1146/annurev-med-022613-090415]
[Medline: 24160939]

Joynt KE, Jha AK. Thirty-day readmissions— Truth and consequences. N Engl JMed 2012 Apr 12;366(15):1366-1369.
[doi: 10.1056/nejmp1201598]

Kistler CE, Beeber AS, Winzelberg GS, Gabriel SL, Wretman CJ, Hanson LC. Evaluation of atraining toolkit to improve
clinicians skills for dementia advance care planning. J Palliat Med 2021 Aug 01;24(8):1183-1190. [doi:
10.1089/jpm.2020.0638] [Medline: 33400605]

Wennberg A, Dye C, Streetman-L oy B, Pham H. Alzheimer's patient familial caregivers: areview of burden and interventions.
Health Social Work 2015 Aug 25;40(4):€162-e169. [doi: 10.1093/hsw/hlv062]

Bressan V, Visintini C, Palese A. What do family caregivers of people with dementia need? A mixed-method systematic
review. Health Soc Care Community 2020 Nov 16;28(6):1942-1960. [doi: 10.1111/hsc.13048] [Medline: 32542963]
Jagannatha A, Liu F, Liu W, Yu H. Overview of the first natural language processing challenge for extracting medication,
indication, and adverse drug events from electronic health record notes (MADE 1.0). Drug Saf 2019 Jan 16;42(1):99-111
[FREE Full text] [doi: 10.1007/s40264-018-0762-z] [Medline: 30649735]

Perera S, Sheth A, Thirunarayan K, Nair S, Shah N. Challengesin understanding clinical notes: why nlp enginesfall short
and where background knowledge can help. 2013 Presented at: Proceedings of the 2013 international workshop on Data
management & analytics for healthcare; November 1, 2013; New York, US p. 21-26. [doi: 10.1145/2512410.2512427]
ADRD-NLP. GitHub. URL: https://github.com/Mahmoudi-L ab/ADRD-NL P [accessed 2022-09-15]

Abbreviations

EMR: electronic medical record
MM: Michigan Medicine
NLP: natural language processing

https://aging.jmir.org/2022/3/e40241 JMIR Aging 2022 | vol. 5 | iss. 3| e40241 | p. 10

(page number not for citation purposes)


https://europepmc.org/abstract/MED/32589274
http://dx.doi.org/10.1111/jgs.16617
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32589274&dopt=Abstract
https://europepmc.org/abstract/MED/21775213
http://dx.doi.org/10.1016/S1474-4422(11)70072-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21775213&dopt=Abstract
http://dx.doi.org/10.1111/jgs.15452
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30098015&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-019-3983-7
http://dx.doi.org/10.1186/s12913-019-3983-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30866904&dopt=Abstract
http://dx.doi.org/10.1002/gps.4222
http://dx.doi.org/10.1136/bmj.m958
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32269037&dopt=Abstract
http://dx.doi.org/10.18653/v1/2020.eval4nlp-1.9
https://data.cms.gov/provider-data/search?theme=Nursing%20homes%20including%20rehab%20services
https://data.cms.gov/provider-data/search?theme=Nursing%20homes%20including%20rehab%20services
http://dx.doi.org/10.1016/j.ijmedinf.2018.02.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29500013&dopt=Abstract
https://medinform.jmir.org/2021/3/e23456/
http://dx.doi.org/10.2196/23456
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33688848&dopt=Abstract
https://www.jmir.org/2020/1/e16816/
http://dx.doi.org/10.2196/16816
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32012074&dopt=Abstract
http://dx.doi.org/10.1001/jama.2011.1561
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22028355&dopt=Abstract
https://europepmc.org/abstract/MED/24160939
http://dx.doi.org/10.1146/annurev-med-022613-090415
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24160939&dopt=Abstract
http://dx.doi.org/10.1056/nejmp1201598
http://dx.doi.org/10.1089/jpm.2020.0638
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33400605&dopt=Abstract
http://dx.doi.org/10.1093/hsw/hlv062
http://dx.doi.org/10.1111/hsc.13048
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32542963&dopt=Abstract
https://europepmc.org/abstract/MED/30649735
http://dx.doi.org/10.1007/s40264-018-0762-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30649735&dopt=Abstract
http://dx.doi.org/10.1145/2512410.2512427
https://github.com/Mahmoudi-Lab/ADRD-NLP
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR AGING Mahmoudi et &l

Edited by T Leung; submitted 12.06.22; peer-reviewed by L Xia, J Kuriakose; comments to author 10.07.22; revised version received
28.07.22; accepted 16.08.22; published 22.09.22

Please cite as:

Mahmoudi E, Wu W, Najarian C, Aikens J, Bynum J, Vydiswaran VGV

Identifying Caregiver Availability Using Medical Notes With Rule-Based Natural Language Processing: Retrospective Cohort Study
JMIR Aging 2022;5(3):e40241

URL: https://aging.jmir.org/2022/3/e40241

doi: 10.2196/40241

PMID: 35998328

©Elham Mahmoudi, Wenbo Wu, Cyrus Najarian, James Aikens, Julie Bynum, V G Vinod Vydiswaran. Originally published in
JMIR Aging (https://aging.jmir.org), 22.09.2022. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in IMIR Aging, is properly cited. The complete
bibliographic information, a link to the origina publication on https://aging.jmir.org, as well as this copyright and license
information must be included.

https://aging.jmir.org/2022/3/e40241 JMIR Aging 2022 | vol. 5 | iss. 3| e40241 | p. 11
(page number not for citation purposes)

RenderX


https://aging.jmir.org/2022/3/e40241
http://dx.doi.org/10.2196/40241
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35998328&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

