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Abstract

Introduction: We tested the ability of our natural language processing (NLP) algorithm to
identify delirium episodes in a large-scale study using real-world clinical notes. Methods: We
used the Rochester Epidemiology Project to identify persons ≥ 65 years who were hospitalized
between 2011 and 2017. We identified all persons with an International Classification of
Diseases code for delirium within ±14 days of a hospitalization. We independently applied our
NLP algorithm to all clinical notes for this same population. We calculated rates using number
of delirium episodes as the numerator and number of hospitalizations as the denominator.
Rates were estimated overall, by demographic characteristics, and by year of episode, and
differences were tested using Poisson regression. Results: In total, 14,255 persons had 37,554
hospitalizations between 2011 and 2017. The code-based delirium rate was 3.02 per 100
hospitalizations (95% CI: 2.85, 3.20). The NLP-based rate was 7.36 per 100 (95% CI: 7.09, 7.64).
Rates increased with age (both p < 0.0001). Code-based rates were higher in men compared to
women (p = 0.03), but NLP-based rates were similar by sex (p = 0.89). Code-based rates were
similar by race and ethnicity, but NLP-based rates were higher in the White population
compared to the Black and Asian populations (p = 0.001). Both types of rates increased
significantly over time (both p values< 0.001).Conclusions:TheNLP algorithm identifiedmore
delirium episodes compared to the ICD code method. However, NLP may still underestimate
delirium cases because of limitations in real-world clinical notes, including incomplete
documentation, practice changes over time, and missing clinical notes in some time periods.

Introduction

Delirium is a common, disorienting condition in hospitalized patients and represents a
significant management challenge for health care staff [1,2]. Delirium is also associated with
prolonged length of stay, an increased risk of institutional discharge and 30-day readmission,
long-term cognitive decline, and mortality [3–8]. Thus, the overall monetary and societal costs
related to delirium are substantial [9].

A recent meta-analysis suggests that the incidence of delirium in hospitalized adult patients
remained relatively stable between 1980 and 2019, with a pooled cumulative incidence of 9%
[10]. However, delirium is routinely underdiagnosed, particularly mild cases, and electronic
billing codes incompletely capture this condition [11–14]. Underdiagnosis with billing codes
represents a significant barrier to conducting retrospective studies to understand the natural
history of delirium and to determine if delirium incidence is changing over time. In addition,
incomplete identification of delirium can substantially hamper clinical research efforts that use
large databases to identify risk factors for and outcomes of delirium [11].

Although billing codes in administrative datasets may incompletely identify delirium cases,
clinical notes frequently contain details that are relevant to a delirium diagnosis. Therefore, we
have previously developed a natural language processing (NLP) algorithm to identify delirium
episodes from electronic health record (EHR) clinical notes [15,16] based on the confusion
assessment method (CAM) framework [17,18]. The NLP delirium algorithm had high
sensitivity (92%) and specificity (100%) for identification of delirium from the clinical notes of
persons participating in the Mayo Clinic Biobank [15], and captured 80% of delirium cases in
patients hospitalized with COVID-19 [19]. However, the algorithm has not yet been tested in a
large-scale study using real-world clinical notes derived from more than one health care
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institution. The goal of this study was to assess the ability of the
NLP algorithm to identify episodes of delirium in a large, general
population using notes from multiple health care institutions.
Therefore, we applied this algorithm to the medical records of
hospitalized adults (≥ 65 years) residing in Olmsted County,
Minnesota over a seven-year time period. We compared the cases
identified via the algorithm to cases identified using International
Classification of Diseases (ICD) billing codes. We also examined
temporal trends in rates of delirium over time and by age, sex, race,
and ethnicity using these methods.

Materials and Methods

Study population and data source. We used the resources of the
Rochester Epidemiology Project (REP) records-linkage system to
identify persons 65 years and older residing in Olmsted County,
MN who were hospitalized at least once between 2011 and 2017.
Persons with at least one hospitalization during this time frame
were considered “at risk” for a delirium episode.

The REP has been previously described [20,21]. Briefly, the REP
includes linked medical records from local health care institutions
(Olmsted Medical Center and satellite clinics, Mayo Clinic and
satellite clinics, Olmsted County Public Health Services, and
Zumbro Valley Health) for persons who have lived in Olmsted
County, MN since 1966. Through this collaboration across health
care institutions, the REP captures virtually all of the health care
information delivered to the population residing in Olmsted
County, MN [21]. Health care data from all visits to each health
care institution are coded and indexed electronically, and the full
text of the clinical notes from each provider is available for NLP
studies. This study was approved by the Mayo Clinic (#18-006044)
and Olmsted Medical Center Institutional Review Boards (#035-
OMC-18).

Definitions of Delirium

International Classification of Diseases code-based. Among persons
65 years old or older with a hospitalization during the study period,
we identified all persons with an ICD code for delirium within ±14
days of a hospital admission (Supplemental Table 1). Forty-five
persons had hospitalizations 14–27 days apart, and we reviewed
the records for a random sample of 10 persons. All had a single
hospitalization episode; therefore, we classified all hospitaliza-
tions≤ 28 days apart as a single episode. Codes from hospitaliza-
tions separated by >28 days were considered separate episodes.
The date when the first code was assigned within an episode was
used as the episode date.

Natural language processing-algorithm-based. Our rule-based
NLP algorithm was previously developed to automatically review
clinical notes to identify patients with delirium based on the
confusion assessment method (CAM) criteria [15,16]. Briefly, we
developed specific review criteria (“annotation guidelines;”
Supplemental Materials) to serve as the gold standard for defining
delirium episodes. Trained annotators reviewed and annotated
EHRs to determine whether the clinical notes contained
information that would satisfy the CAM criteria for a delirium
episode. The NLP delirium algorithmwas then developed to search
for delirium-related concepts relevant to the CAM criteria from
clinical notes for a given patient and to aggregate the concepts to
ascertain a patient’s delirium status. The original NLP algorithm
developed on Mayo Clinic EHRs was also refined and validated on
the EHRs from a second medical center (Olmsted Medical Center;

OMC). The original NLP algorithm had a sensitivity of 92% and a
specificity of 100% for identifying delirium from Mayo Clinic
Rochester notes [15]. Before deploying the algorithm to OMC
notes, 400 patients were randomly stratified by the presence of
delirium ICD-9 code. Clinical notes from the cohort were
manually reviewed (“annotated”) to identify whether the notes
contained information that met the CAM criteria for delirium
assessment. These manually reviewed notes served as the gold
standard for identification of delirium. We have previously
reported the details of the CAM criteria [15] and the
Supplemental Appendix contains details describing the definition
of the CAM-related clinical concepts and the specific review
guidelines for identification of delirium through manual review of
clinical notes (“Annotation guideline”). We then used the first half
of theOMCdata to refine theNLP algorithm and the second half as
independent blind test data. After refinement, the NLP algorithm
achieved sensitivity and specificity of 100% and 100% on the OMC
test data. Additional implementation details, evaluation results,
and source code can be found in Supplemental Appendix.

Clinical notes from the two primary health care institutions
(Mayo Clinic and OMC) for the study population were extracted
and the refined algorithm was applied to all notes between 2011
and 2017. This time frame was chosen because the NLP algorithm
was developed on EHR records prior to an EHR system conversion
in 2017. Specifically, Mayo Clinic converted from the GE
Centricity EHR to Epic, and OMC converted from the Cerner
system to Epic in 2018. The NLP algorithm has not been
specifically tested in the Epic clinical notes [15]. An anomaly in
back-loads of clinical data in 2016 resulted in the complete
availability of clinical notes only from July 1 through December 31,
2016 (6 months). To adjust for this anomaly, all cases of delirium
identified during this time period were counted twice to estimate
the total number of cases for 2016.

Agreement between the two methods. We studied the ability
of the two methods to identify delirium episodes by manually
reviewing a stratified random sample of EHRs from 200 persons
and separately assessing the accuracy of the ICD code method and
the NLP algorithm method. Specifically, we reviewed a random
sample of records for 50 persons identified as having delirium by
both methods, 50 persons identified as having delirium by ICD
code, but not NLP, 50 persons identified as having delirium byNLP
but not ICD code, and 50 persons not identified as having delirium
by either method. Manual review was conducted blinded to the
identification method and was performed using the CAM criteria
for delirium ascertainment, as previously described [15]. The CAM
review criteria (“annotation guideline”) are available in the
Supplemental Appendix. The stratified sample selected for manual
review was oversampled for delirium cases, but this approach does
not impact sensitivity and specificity [22].

Analysis. Rates of delirium were calculated using number of
delirium episodes as the numerator and number of hospitalizations
as the denominator. Rates were determined for code-based
episodes and NLP-based episodes. Rates were calculated overall
and stratified by age group (65–69, 70–74, 75–79, 80–84,≥ 85), sex,
race (White, Black, Asian, other/mixed), ethnicity (Hispanic, non-
Hispanic), and calendar year of delirium episode. Poisson
regression was used to test for differences in delirium rates by
each of the patient characteristics. The number of delirium
episodes was used as the dependent variable and the natural
logarithm of the number of hospitalizations as the independent
variable. To test for a trend over time in the rate of delirium,
calendar year was modeled as a continuous variable, and the

2 St. Sauver et al.

https://doi.org/10.1017/cts.2023.610 Published online by Cambridge University Press

https://doi.org/10.1017/cts.2023.610
https://doi.org/10.1017/cts.2023.610


models were adjusted for age and sex. Linear and nonlinear trends
were tested using Poisson regression by including year and year [2]
in the model. P values<0.05 were considered statistically
significant.

We also examined agreement between the code and NLP
methods for identifying delirium. We calculated overall agreement
and a kappa statistic to assess concurrence between the methods.
Sensitivity and specificity of each method were calculated by
comparing the ascertainment method (ICD code or NLP
algorithm) results to manual chart review of the medical records
for a stratified sample of 200 persons.

Results

Overall, 34,965 persons 65 years of age or older resided in Olmsted
County, MN, and 14,255 had at least one hospitalization between
2011 and 2017 (Fig. 1a). Persons could have multiple hospital-
izations, and there were a total of 37,554 hospitalizations during
the time frame (approximately 2.6 hospitalizations per patient;
Fig. 1b). Among persons who were hospitalized, 2,832 persons had
3,343 delirium episodes s identified either by ICD code or by NLP
algorithm (Fig. 1). Overall, 995 persons had at least one ICD code-
based delirium episode (1,135 total episodes), and 2,479 persons
had at least one NLP-based episode between 2011 and 2017 (2,763
total episodes; Fig. 1).

Characteristics of persons identified with a code-based delirium
episode and those with an NLP-based delirium episode are shown
in Table 1. TheNLP algorithm consistently identified more cases of
delirium than the code-based method in all age, sex, racial, and
ethnic groups. Table 1 also indicates the rate of delirium episodes
identified by each method. Overall, the code-based delirium
episode rate was 3.02 per 100 hospitalizations (95% CI: 2.85, 3.20).
The NLP-based episode rate was over 2 times higher (7.36 per 100;
95% CI: 7.09, 7.64). Rates of delirium episodes identified by either
method increased with age (both p< 0.001). Code-based rates were
higher inmen compared to women (p= 0.03), but NLP-based rates

were similar by sex (p= 0.89; Table 1). Code-based delirium rates
were similar by race and ethnicity, but NLP-based rates were
significantly higher in theWhite population compared to the Black
and Asian populations (Table 1). Code-based delirium rates
increased significantly over time, with a particular increase
between 2015 and 2016 (p value for year [2]<0.001, adjusted for
age and sex; Table 1 and Fig. 2). Similarly, NLP-based delirium
rates also increased significantly over time (p value for year[2]
<0.001, adjusted for age and sex; Table 1 and Fig. 2).

Finally, we assessed the agreement, sensitivity, and specificity of
the two methods for identifying delirium. Overall agreement
between the ICD code and NLP methods for identifying delirium
was 86%, but kappa was 34% (95% CI: 31%, 36%; indicating fair
agreement). Compared to manual review of a stratified sample of
medical records for 200 persons, the ICD codemethod for delirium
identification had a sensitivity= 60% (95% CI: 52%, 68%) and a
specificity = 73% (95% CI: 61%, 85%). The NLP method had a
sensitivity of 64% (95% CI: 56%, 72%) and a specificity of 84%
(95% CI: 74%, 93%). While the sensitivity of the two methods was
similar, overlap between the two methods was modest. Overall, 45
true cases (compared to manual review) were identified by both
methods. The ICD code method identified 39 additional true cases
that were not identified by the NLP algorithm. By contrast, the
NLP method identified 45 additional true cases that were not
identified by the ICD code method (Supplemental Figure 1).

Discussion

We used an ICD-code-based method and an NLP algorithm with
high sensitivity and specificity to identify delirium episodes from
the real-world clinical notes of a population-based sample of
hospitalized patients between 2011 and 2017. We found an
increase in delirium rates over time using both methods; however,
the NLP algorithm consistently identified more delirium episodes
compared to the ICD code method. We also identified several
important problems to consider when applying our NLP algorithm

Figure 1. Study population, hospitalizations, and delirium events. a) Indicates the total number of persons with at least one delirium episode, and b) indicates the total number
of delirium episodes that occurred during a hospitalization.
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Table 1. Number of delirium episodes and rates of delirium cases detected using International Classification of Diseases (ICD) codes or a natural language processing (NLP) algorithm

ICD codes NLP algorithm

Hospitalizations N Delirium episodes N Rate per 100 hospitalizations (95% CIþ) P value Delirium episodes* N Rate per 100 hospitalizations (95% CIþ) P value

Overall 37,554 1,135 3.02 (2.85,3.20) 2,763 7.36 (7.09,7.64)

Age group <0.0001 <0.0001

65-69 6,759 116 1.72 (1.42,2.06) 248 3.67 (3.23,4.16)

70-74 6,850 155 2.26 (1.92,2.65) 294 4.29 (3.82,4.81)

75-79 6,973 170 2.44 (2.09,2.83) 412 5.91 (5.35,6.51)

80-84 6,707 247 3.68 (3.24,4.17) 556 8.29 (7.62,9.01)

≥85 10,265 447 4.35 (3.96,4.78) 1,253 12.21 (11.54,12.90)

Sex 0.03 0.89

Men 17,945 578 3.22 (2.96,3.49) 1,324 7.38 (6.99,7.79)

Women 19,609 557 2.84 (2.61,3.09) 1,439 7.34 (6.96,7.73)

Race 0.19 0.001

White 34,111 1,040 2.66 (1.52,4.32) 2,569 7.53 (7.24,7.83)

Black 602 16 2.36 (1.72,3.16) 30 4.98 (3.36,7.11)

Asian 1,905 45 3.74 (2.59,5.23) 107 5.62 (4.60,6.79)

Other/mixed 909 34 3.05 (2.87,3.24) 57 6.27 (4.75,8.12)

Hispanic ethnicity 0.82 0.20

No 36,790 1,113 3.03 (2.85,3.21) 2,716 7.38 (7.11,7.67)

Yes 764 22 2.88 (1.80,4.36) 47 6.15 (4.52,8.18)

Year <0.0001 <0.0001

2011 4,941 105 2.13 (1.74,2.57) 295 5.97 (5.31,6.69)

2012 5,365 121 2.26 (1.87,2.69) 378 7.05 (6.35,7.79)

2013 5,104 143 2.80 (2.36,3.30) 366 7.17 (6.45,7.94)

2014 5,110 121 2.37 (1.96,2.83) 390 7.63 (6.89,8.43)

2015 5,342 129 2.41 (2.02,2.87) 357 6.68 (6.01,7.41)

2016 5,796 208 3.59 (3.12,4.11) 484 8.35 (7.34, 9.58)**

2017 5,896 308 5.22 (4.66,5.84) 493 8.36 (7.64,9.13)

þCI = confidence interval.
*Numbers reflect cloned cases for 2016.
**CI based on using only cases from 7/1/2016-12/31/2016.
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to real-world clinical notes, including incomplete documentation,
the impact of practice changes over time, andmissing clinical notes
in some time periods.

We found that the NLP algorithm consistently identified over
twice as many delirium episodes as the ICD codes when applied to
clinical notes that were collected as a routine part of clinical care.
Identification of delirium using ICD codes has been previously
reported as problematic [11–14], and it is not surprising that the
NLP algorithm identified more delirium episodes in this
population. However, the methods had similar sensitivities
compared to manual review (ICD method: 60%; NLP method:
64%), indicating that both methods missed true cases compared to
manual review. Therefore, to completely identify delirium cases, a
combination of the two methods, followed by medical record
review, may provide optimal identification of cases. In addition,
algorithm performance relies on documentation in clinical notes to
accurately identify cases. If procedures are not in place in the
clinical setting to accurately capture delirium episodes, the NLP
algorithm will not be able to identify these episodes. We also note
that the NLP algorithm sensitivity was lower in this real-world
application compared to the 83% sensitivity observed in the initial
algorithm development [23]. Such declines in sensitivity are not
uncommon in application of algorithms to new samples, but
further analysis is needed to ensure optimal algorithm perfor-
mance in new settings.

We also found significant increases over time in identification
of delirium rates using both the code and the NLPmethods for case
identification. We do not know of a biological reason that would
explain an increase in delirium rates during this time period.
Additionally, these findings are in contrast to a previous study
which found no significant temporal changes in delirium
prevalence between 1980 and 2020 [10]. However, our findings
are consistent with a study that found an increase in ICD-based
diagnoses of delirium and encephalopathy between 2011 and 2018
[24]. These authors noted a significant increase in delirium

diagnoses between 2014 and 2016, which they attribute to the
national shift from the ICD-9 to the ICD-10 coding system. ICD-
10 significantly expanded the number of codes that could be used
to identify delirium (Supplemental Table 1). The increase in the
available number of codes, combined with an increased recog-
nition of delirium as an important clinical condition in aging
populations could account for the increase we observed in code-
based delirium diagnoses after 2015. The increase in delirium cases
over time identified by the NLP method may also indicate an
increased recognition by health care providers that delirium is a
significant concern in aging populations. Such recognition may
lead to an increased documentation of delirium concepts in clinical
notes, and capture of true delirium episodes may have improved in
more recent years. Unfortunately, we do not have detailed
information on changes to clinical practice that could impact
changes to delirium documentation during this time frame. Our
results highlight an important issue encountered when applying
NLP algorithms to real-world data. NLP algorithm performance is
dependent on clinical note documentation, and documentation
may change over time with changes in clinical practice. Therefore,
when using NLP algorithms, it may be important to limit study
time frames to the most recent clinical notes to ensure that practice
and documentation changes do not affect study results. In
addition, it is important for investigators to understand that using
real-world EHR data requires considering both biologic and non-
biologic reasons for changes in disease incidence and prevalence
over time.

Our overall NLP-based delirium rate of 7.4% is lower than the
pooled prevalence rate of 15% estimated in a recent review and
meta-analysis of 33 studies [10]. An additional meta-analysis of 9
studies suggested a prevalence ranging from 9% to 32% [25].
However, our study differs in several ways from many of the
studies included in these analyses [10,26]. First, most previous
studies directly examined patients to assess delirium after
obtaining informed consent. By contrast, delirium was not

Figure 2. Rates of delirium between 2011 and 2017 using two methods of identification. Rates identified using international classification of diseases (ICD) codes or the natural
language processing (NLP) algorithm are displayed with 95% confidence intervals. Rates of detection increased over time using both methods (both P value tests for trend < 0.001).
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routinely assessed in the hospitals that participated in the REP
during our study time frame. Therefore, we expect that some cases
were not documented in the medical records and would not be
captured by either billing codes or through the NLP algorithm.We,
therefore, expect our rates to likely underestimate the overall
delirium rate in the hospitalized population aged 65 years or older.
However, identification of persons with delirium using EHRs is
still useful for retrospective clinical research studies as long as the
episodes that are identified are representative of all delirium
episodes. In particular, most of the studies included in the meta-
analyses were not population-based (admission to single,
specialized hospitals or wards), and many assessed delirium in
severely ill patients (e.g. patients presenting with a stroke diagnosis
[27] or with a cancer diagnosis [28,29]). In addition, most of the
previous community-based studies with active assessment of
delirium [30–34]. have included a high proportion of persons with
dementia or cognitive disorders (40%–60% of admitted patients).
Overall, 18% of persons with code-based delirium and 15% of
persons with NLP-based delirium had a diagnosis of dementia in
the 5 years prior to the first delirium episode during the study
period. Dementia patients are at higher risk for experiencing a
delirium episode; therefore, we would expect our delirium rates to
be lower than in these previous studies because we studied a
general population with lower rates of dementia. Although we
likely missed some delirium cases using diagnostic codes or the
NLP algorithm, the delirium patients that were identified with
these methods may be more reflective of delirium cases occurring
in the general population. As such, results of retrospective case-
control or cohort studies that include delirium patients identified
from the EHR using ICD code or NLP algorithmmethods are likely
to be unbiased.

We also observed a significantly higher rate of delirium in our
White population compared to our Black and Asian populations
when using the NLP algorithm for case identification. We do not
expect delirium rates to differ by race or ethnicity in persons of
similar ages. However, sociodemographic disparities are likely
reflected in medical record documentation [35]. For example, Sun
and colleagues found more negative descriptors in the medical
record notes of black patients compared to white patients (including
“refused,” “not adherent,” “not compliant,” and “agitated”) [36].
Disparities may also manifest in less complete documentation in
persons with different sociodemographic characteristics. NLP
algorithms can only identify cases when documentation is present.
If persons of different racial or ethnic groups have different levels of
documentation or if the language used for such patients differs from
that required by the algorithm, true cases will be missed in these
patients. Our findings may therefore be biased because our results
are based on clinical notes that reflect bias in real-world clinical
practice. Further studies are necessary to test the ability of our NLP
algorithm to identify delirium from the EHRs of other medical
centers that care for diverse patients.

Strengths of our study include application of a previously
developed NLP algorithm with high sensitivity and specificity to
real-world clinical notes for a large, general study population
served by several health care institutions. In addition, availability of
both clinical notes and ICD billing codes offered the opportunity to
compare the twomethods for identification of delirium in the same
population. Limitations of our study include the lack of complete
availability of clinical notes for half of 2016 (6 months). If delirium
rates were substantially different in the half of the year for which we
lacked complete data, our estimate of delirium rates in 2016 would
be incorrect. However, we note that although the confidence

intervals around our rate for 2016 are wider than if we had
complete data in that year, adjusting our rates for the missing data
did not suggest a significant over- or under-estimate of rates in that
year. In addition, as shown in Table 1 and Fig. 2, the 2016 delirium
rates are consistent with a gradual increase in cases over time from
2011 to 2017, and the 2016 rate is virtually identical to the rate
observed in 2017. The increase in 2016 cases also matches the trend
seen in code-based cases. These results suggest that double-
counting cases of delirium in 2016 likely resulted in a reasonable
estimate of delirium cases in that year. However, this limitation
also points to another problem encountered when working with
real-world data. Real-world data are routinely affected by technical
issues as well as changes in health care policies and procedures. We
expect that our study results were affected by the technical issue of
missing data in 2016, by changes from the ICD-9 to the ICD-10
coding system, and by changes in documentation of delirium
episodes over time. Similarly, bothMayo Clinic andOMC changed
their EHR systems to Epic in 2018. The NLP algorithm was
developed and tested in the GE Centricity and Cerner clinical
notes. We expect performance of the algorithm to be similar in
Epic notes, but these studies have not yet been conducted. It is
important to recognize these changes and limitations in the
interpretation of study results.

In summary, we found that an NLP-based algorithm to identify
delirium episodes in a general population using real-world clinical
notes may incompletely identify all delirium episodes. The NLP-
based algorithm identified more cases compared to ICD codes, and
the characteristics of persons identified with delirium are
representative of the underlying population most at risk for
delirium. Therefore, the use of this algorithm may be appropriate
for studies of risk factors and outcomes of delirium.

Supplementary material. The supplementary material for this article can be
found at https://doi.org/10.1017/cts.2023.610.
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