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Abstract 

Background  Neuropsychiatric symptoms (NPS) are prevalent in the early clinical stages of Alzheimer’s disease (AD) 
according to proxy-based instruments. Little is known about which NPS clinicians report and whether their judgment 
aligns with proxy-based instruments. We used natural language processing (NLP) to classify NPS in electronic health 
records (EHRs) to estimate the reporting of NPS in symptomatic AD at the memory clinic according to clinicians. Next, 
we compared NPS as reported in EHRs and NPS reported by caregivers on the Neuropsychiatric Inventory (NPI).

Methods  Two academic memory clinic cohorts were used: the Amsterdam UMC (n = 3001) and the Erasmus MC 
(n = 646). Patients included in these cohorts had MCI, AD dementia, or mixed AD/VaD dementia. Ten trained clinicians 
annotated 13 types of NPS in a randomly selected training set of n = 500 EHRs from the Amsterdam UMC cohort and 
in a test set of n = 250 EHRs from the Erasmus MC cohort. For each NPS, a generalized linear classifier was trained and 
internally and externally validated. Prevalence estimates of NPS were adjusted for the imperfect sensitivity and speci-
ficity of each classifier. Intra-individual comparison of the NPS classified in EHRs and NPS reported on the NPI were 
conducted in a subsample (59%).

Results  Internal validation performance of the classifiers was excellent (AUC range: 0.81–0.91), but external valida-
tion performance decreased (AUC range: 0.51–0.93). NPS were prevalent in EHRs from the Amsterdam UMC, especially 
apathy (adjusted prevalence = 69.4%), anxiety (adjusted prevalence = 53.7%), aberrant motor behavior (adjusted 
prevalence = 47.5%), irritability (adjusted prevalence = 42.6%), and depression (adjusted prevalence = 38.5%). The 
ranking of NPS was similar for EHRs from the Erasmus MC, although not all classifiers obtained valid prevalence 
estimates due to low specificity. In both cohorts, there was minimal agreement between NPS classified in the EHRs 
and NPS reported on the NPI (all kappa coefficients < 0.28), with substantially more reports of NPS in EHRs than on NPI 
assessments.
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Conclusions  NLP classifiers performed well in detecting a wide range of NPS in EHRs of patients with symptomatic 
AD visiting the memory clinic and showed that clinicians frequently reported NPS in these EHRs. Clinicians generally 
reported more NPS in EHRs than caregivers reported on the NPI.

Keywords  Alzheimer’s disease, Apathy, Affective symptoms, Diagnosis, Machine learning, Neuropsychiatric 
symptoms, Prevalence

Introduction
Over 80% of the individuals who visit the memory clinic 
in the early clinical stages of Alzheimer’s disease (AD) 
experience neuropsychiatric symptoms (NPS) such as 
apathy, depressive symptoms, irritability, and sleep dis-
turbances [1–3]. These symptoms are associated with 
poor clinical outcomes including reduced quality of life 
[4], increased caregiver burden [5], and a faster disease 
progression [6].

Clinicians working at the memory clinic strongly rely 
on proxy-based instruments such as the Neuropsychiat-
ric Inventory (NPI) to diagnose NPS in AD [7–9]. How-
ever, proxy-based NPS instruments are subject to recall 
bias and can be affected by the mood, fatigue, knowledge, 
and cultural beliefs of informal caregivers who usually 
provide the information [10, 11]. Therefore, the perspec-
tive of clinicians on NPS may provide a valuable addition 
to the impression of caregivers [11, 12]. However, little 
is known about how clinicians perceive and report NPS 
in the memory clinic setting. Electronic health records 
(EHRs) may provide a unique opportunity to address this 
question. Clinicians working at the memory clinic docu-
ment symptoms, observations, outcomes of the diag-
nostic work-up, and differential diagnoses as free-text 
descriptions in EHRs. This unstructured format allows to 
report on complex clinical phenomena while taking the 
nuances of the individual patient into account [13] and 
are increasingly used for research purposes to study clini-
cal care practices, the manifestation of complex clinical 
symptoms, and the natural disease course [14, 15].

The advantage that free-text descriptions in EHRs offer 
simultaneously conveys a major challenge to structur-
ally and systematically examine unstructured free text 
[16]. As the manual assessment of EHRs is very time-
consuming, natural langue processing (NLP) applications 
are increasingly used to automatically assign particu-
lar categories to phrases in free text. These applications 
only require a selection of EHRs to be manually rated by 
experts, i.e., annotated [13, 16]. Based on these annota-
tions, NLP algorithms are trained and validated in order 
to automatically classify the remaining EHRs [16].

Recently, NLP applications have been used to detect 
NPS in EHRs of older adults with cognitive impairment 
[17–19]. These studies have shown that NLP applications 
can identify older adults at increased risk for dementia 

based on NPS presence [18], estimate NPS prevalence 
based on EHRs in individuals with dementia [17, 19], 
and indicate potential underdiagnosis of NPS in demen-
tia [17]. So far, NLP applications have not been used in 
the memory clinic setting and previous studies have only 
focused on agitation, affective symptoms, and psychotic 
symptoms [17–19], while neglecting other NPS that are 
also common in the early clinical stages of AD such as 
apathy, irritability, and sleeping behavior [1, 2]. Further-
more, memory clinics primarily establish NPS in AD by 
the impression of clinicians and/or using proxy-based 
instruments such as the NPI [7]. Yet, no prior study 
investigating the use of NLP to detect NPS has incorpo-
rated comparisons of results to NPI outcomes.

The aim of this study was to use NLP to estimate the 
reporting of a wide range of NPS reported by clinicians 
in EHRs of individuals with mild cognitive impairment 
(MCI) or AD dementia at the memory clinic.

Methods
This study was approved by the Medical Ethics Commit-
tees of the Erasmus MC (2018–1137) and the Amsterdam 
UMC (2021.0044).

Data
All EHRs were obtained from 3001 individuals who vis-
ited the Alzheimer Center Amsterdam at the Amsterdam 
University Medical Centers between March 1993 and 
December 2020 [20] and from 646 patients who visited 
the Alzheimer Center Erasmus MC at the Erasmus MC 
University Medical Center between January 2004 and 
April 2019. Patients were selected if they had a clini-
cal diagnosis of MCI [21], AD dementia [22], or mixed 
AD/vascular dementia (VaD) [22]. All individuals with 
MCI visiting the Alzheimer Center Amsterdam were 
amyloid-beta positive based on either cerebrospinal fluid 
analysis [23] or visual rating of an amyloid-beta PET scan 
[24], while individuals with MCI visiting the Alzheimer 
Center Erasmus MC were only selected if they had AD 
as suspected primary etiology based on clinical impres-
sion, neuroimaging, and/or cerebrospinal fluid profile. In 
both samples, a subsample of the individuals with a clini-
cal diagnosis of AD dementia had cerebrospinal fluid or 
amyloid-beta PET scan available indicating amyloid-beta 
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positivity (65% in Alzheimer Center Amsterdam, 32% in 
the Alzheimer Center Erasmus MC).

EHRs from both hospitals contained free-text informa-
tion on the referral, medical history, clinical impression, 
neurological examination, physical assessment, medica-
tion review, and psychiatric evaluation. There were also 
EHRs written by neuropsychologists describing history 
taking, clinical impression, and neuropsychological test 
performances. EHRs from the Alzheimer Center Amster-
dam were written by neurologists or neuropsychologists, 
while EHRs from the Alzheimer Center Erasmus MC 
were written by neurologists, geriatricians, or neuropsy-
chologists. For each patient, the EHRs from these differ-
ent clinicians created within a three-month period were 
clustered as this was the time usually needed to establish 
a clinical diagnosis. A random selection of 500 EHRs 
from the Alzheimer Center Amsterdam was used for the 
training set and internal validation, while a random sam-
ple of 250 EHRs from the Alzheimer Center Erasmus MC 
was used for external validation.

The NPI or its questionnaire form (NPI-Q) assessed 
as part of the diagnostic work-up were used [25, 26]. 
For the intra-individual comparison, we denoted an NPI 
or NPI-Q domain score ≥ 1 as the presence of a specific 
NPS.

Data annotation
Ten trained clinicians independently annotated the data. 
The raters consisted of four psychologists, two neurolo-
gists (in training), two psychiatrists (in training), one clin-
ical neuropsychologist, and one geriatrician. The training 
set of 500 EHRs was divided into five sets of 100 EHRs 
that were independently annotated by two raters. Four 
of these raters also annotated the test set of 250 EHRs, 
divided into two sets of 125 EHRs each annotated by two 
raters. The pairs were selected such that they differed in 
terms of background and years of clinical experience.

In an iterative process, two raters (W.S.E., M.P.) devel-
oped a guideline for the annotation of 13 NPS catego-
ries of which 12 categories were analogous to the 12 NPI 
domains [25]. We added a 13th category for general terms 
that describe nonspecific NPS including but not limited 
to “behavioral and psychological symptoms of dementia,” 
“changes in behavior,” and “challenging behavior.” Each of 
these categories was described in detail in the annotation 
guideline that was based on existing assessment scales, 
criteria for neuropsychiatric syndromes in dementia, 
and clinical experience. All ten raters tested the annota-
tion guideline in 20 EHRs from the Alzheimer Center 
Amsterdam and 10 EHRs from the Alzheimer Center 
Erasmus MC that were not part of the training and test 
set. Hereafter, a consensus meeting was held with all 
raters discussing any disagreements. The final annotation 

guideline was established based on this discussion (see 
Additional file 1 for a translated version).

Annotations were made with the web-based annotation 
tool brat [27]. Raters were instructed to mark the word, 
phrase, or sentence that described an NPS and to label it 
with one of the 13 categories. After annotating the EHRs 
independently, each rater pair discussed the annotations 
where they initially disagreed and decided on a final con-
sensus annotation. If needed, a third rater was consulted 
to reach consensus.

Text preprocessing
Different preprocessing steps were tested including stop 
word removal (using the Dutch stop word list in the R 
package stopwords), stemming (reducing words to their 
canonical form using the Dutch stemmer in R package 
SnowballC), and removal of phrases that indicated nega-
tions (e.g., “no depressive symptoms”). After preprocess-
ing, the remaining free-text was divided into unigrams 
and bigrams, i.e., sequences of one or two words, which 
were used as features to train each classifier [28].

Classifier training
We used NLP to assign categories to free text [13], i.e., 
the classification of 13 NPS categories in EHRs. The 
annotations by the raters were used to train a classifier 
for each NPS category. We developed a binary classifier 
to determine the presence or absence of that category in 
an EHR. Generalized linear classifiers (method glmnet in 
the R package caret) were trained and internally validated 
on the training set using tenfold cross-validation. The 
performance of the classifiers was externally validated on 
the test set.

Statistical analysis
Evaluation of annotations and classifier performance
Different inter-annotator agreement scores were derived 
from the annotations for each NPS category across all 
five pairs of raters, including accuracy (proportion of 
agreement) and the kappa coefficient (κ, proportion of 
agreement corrected for chance agreement).

The performance of each classifier was evaluated by 
comparing its automated classification of NPS with the 
manual annotations by the raters with the area under 
the receiver operating characteristic curve (AUC) on 
the training set using tenfold cross-validation and on 
the external test set. An AUC 0.70–0.80 was considered 
acceptable, an AUC 0.80–0.90 was considered excellent, 
and an AUC > 0.90 was considered outstanding [29]. For 
each classifier, sensitivity and specificity were calculated 
and a probability cutoff was selected by maximizing the 
Youden index.
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Prevalence of NPS in EHRs
Only classifiers that had good diagnostic abilities 
(AUC ≥ 0.80) were included in subsequent analyses. 
The prevalence of each NPS category in the EHRs 
across patients was estimated for both cohorts sepa-
rately using the classifiers. We estimated the prevalence 
and calculated confidence intervals taking the sensitiv-
ity and specificity of each classifier into account to cor-
rect for imperfect classifiers [30].

Intra‑individual comparison between EHRs and NPI
Intra-individual comparisons of the NPS classified in 
EHRs and NPS reported on the NPI were conducted in 
a subsample of individuals who had an NPI assessment 
available. For each NPS, we assessed the agreement 
between NPS reported in EHRs and NPS according to 
the NPI using the kappa coefficient. Of all the patients 
who had a particular NPS reported in their EHR, we 
calculated the proportion of patients with that NPS 
not endorsed on the NPI (EHR + NPI-). Similarly, of all 
the patients who had a particular NPS endorsed on the 
NPI, we calculated the proportion of patients with that 
NPS not reported in their EHR (EHR-NPI +).

Results
Patient characteristics
The majority of the patients included in both cohorts 
were diagnosed with AD dementia (78.4%), approxi-
mately half were female (52%), and the majority was 
White (90%) (Table  1). The patients from the Alz-
heimer Center Amsterdam were younger, a smaller 
proportion had MCI, and a higher proportion had an 
AD-biomarker confirmed diagnosis compared with the 
patients from the Alzheimer Center Erasmus MC (all 
p < 0.001, Table 1).

Annotations
For the training set, the median accuracy of the five 
pairs of raters across all NPS was 0.94 (range 0.92–
0.96), and the median kappa coefficient across all 
NPS suggested moderate agreement (κ = 0.71, range 
κ = 0.49–0.74). There was low agreement between 
raters for aberrant motor behavior (median κ = 0.35), 
euphoria (median κ = 0.49), disinhibition (median 
κ = 0.52), and agitation (median κ = 0.54), while agree-
ment was obtained for hallucinations (median κ = 0.99) 
and general descriptions of NPS (median κ = 0.94) 
(Additional file 2; Supplemental Table 1). For the exter-
nal test set, the overall accuracy scores (0.94, 0.91) and 
the overall kappa coefficients (κ = 0.71, κ = 0.74) for the 
two pairs of raters were highly comparable to the train-
ing set (Additional file  2; Supplemental 1). It was not 

possible to train a classifier for euphoria as this NPS 
was annotated in only five EHRs in the training set 
(1.0% of EHRs in training set).

Performance of classifiers
The cross-validated performance of the classifiers was 
excellent, with AUCs ranging from 0.81 to 0.91 (Table 2). 
The sensitivity and specificity of all classifiers were > 0.70, 
except for the specificity of the classifier for aberrant 
motor behavior (0.61).

For the external test set, classifiers performance 
yielded AUCs ranging from 0.51 to 0.93. Although 
AUC values decreased compared to the training set 
(median AUC difference − 0.06, range − 0.30 to + 0.06), 
most AUCs remained excellent (AUC > 0.80), except for 
delusions (AUC = 0.75), hallucinations (AUC = 0.67), 
and aberrant motor behavior (AUC = 0.51). Therefore, 
these three NPS were not included in subsequent anal-
yses. The sensitivity of most classifiers was substantially 
lower for the external test set, with a sensitivity > 0.70 
for only the classifiers of apathy, general descriptions 
of NPS, depressive symptoms, irritability, and sleeping 

Table 1  Characteristics of the memory clinic cohorts

Abbreviations: AD Alzheimer’s disease, MMSE Mini-Mental State Examination, NPI 
Neuropsychiatric Inventory, NPI-Q Neuropsychiatric Inventory questionnaire, 
VaD vascular dementia
***  p < 0.001
a Data missing for n = 79 (Erasmus MC)
b Dutch education system categorized into (1) less than 6 years primary 
education [< 6 years], (2) completed primary education [6 years], (3) more than 
6 years of primary education, without a secondary school diploma [8 years], (4) 
lower vocational training [9 years], (5) advanced vocational training or lower 
professional education [10–11 years], (6) advanced professional training or 
upper secondary school [12–18 years], and (7) academic degree [> 18 years]. 
Data missing for n = 261 (Amsterdam UMC) and n = 306 (Erasmus MC)
c Data missing for n = 2792 (Amsterdam UMC) and n = 259 (Erasmus MC)
d Data missing for n = 253 (Amsterdam UMC) and n = 125 (Erasmus MC)
e Based on either cerebrospinal fluid (i.e., amyloid-beta42 < 550 pg/mL or tau/
amyloid-beta42 ratio > 0.52) or visual rating of an amyloid-beta PET scan

Alzheimer Center 
Amsterdam

Alzheimer 
Center 
Erasmus MC

N patients 3001 646

Age, mean (SD)a 67.2 (8.6) 71.1 (9.3)***

Sex, N (%) female 1571 (52.4%) 323 (50.0%)

Education, median (IQR)b 5.0 (2.0) 5.0 (2.0)

Whites, N (%)c 189 (90.0%) 345 (89.1%)

MMSE, mean (SD)d 21.1 (6.4) 21.6 (5.5)

Diagnosis, N (%)
  Mild cognitive impairment 436 (14.5%) 157 (24.3%)***

  AD dementia 2438 (81.2%) 422 (65.3%)***

  AD/VaD dementia 127 (4.2%) 67 (10.4%)***

Amyloid-beta positive, N (%)e 2092 (69.7%) 184 (28.5%)***

NPI or NPI-Q available, N (%) 2022 (67.4%) 133 (20.6%)***
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behavior. The specificity of most classifiers was simi-
lar or higher in the external test set compared to the 
training set, except for aberrant motor behavior (train-
ing set 0.61 vs. test set 0.51) and apathy (0.80 vs. 0.61) 
(Table 2).

Prevalence of NPS in EHRs
The most prevalent NPS classified in the EHRs of patients 
who visited the Alzheimer Center Amsterdam were apa-
thy (adjusted prevalence = 69.4%) and anxiety (adjusted 
prevalence = 53.7%), followed by aberrant motor behav-
ior (adjusted prevalence = 47.5%), irritability (adjusted 

Table 2  Performance of the classifiers for the training and test set

Abbreviations: AMB aberrant motor behavior, AUC​ area under the curve, NPS neuropsychiatric symptom

Training set Test set

NPS category AUC​ Sensitivity Specificity Youden’s Index AUC​ Sensitivity Specificity Youden’s Index

Eating behavior 0.91 0.85 0.81 0.66 0.83 0.59 0.94 0.52

Anxiety 0.90 0.78 0.89 0.66 0.84 0.60 0.92 0.52

Depression 0.90 0.71 0.97 0.68 0.88 0.79 0.85 0.64

Disinhibition 0.90 0.91 0.77 0.68 0.80 0.67 0.84 0.51

Irritability 0.89 0.83 0.83 0.66 0.84 0.76 0.84 0.61

Apathy 0.88 0.88 0.80 0.68 0.84 0.91 0.61 0.52

Delusions 0.88 0.79 0.87 0.67 0.75 0.69 0.78 0.47

Sleeping behavior 0.88 0.88 0.78 0.66 0.83 0.76 0.78 0.54

Agitation 0.87 0.87 0.83 0.70 0.81 0.63 0.90 0.53

Hallucinations 0.87 0.78 0.96 0.74 0.67 0.40 0.96 0.36

NPS general 0.87 0.80 0.92 0.72 0.93 0.85 0.90 0.75

AMB 0.81 0.91 0.61 0.52 0.51 0.61 0.51 0.12

Fig. 1  Adjusted prevalence of neuropsychiatric symptoms classified in electronic health records. Abbreviations: AMB, aberrant motor behavior; NPS, 
neuropsychiatric symptoms. Prevalence estimates were adjusted for bias due to imperfect test [30]. All adjusted prevalence rates were significantly 
higher in the Alzheimer Center Erasmus MC compared to Alzheimer Center Amsterdam (all FDR-adjusted p < 0.001). Classifiers for aberrant motor 
behavior, delusions, and hallucinations were not used in Alzheimer Center Erasmus MC data as AUC < 0.80
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prevalence = 42.6%), and depressive symptoms (adjusted 
prevalence = 38.5%) (Fig.  1). The majority of the preva-
lence estimates was lower when adjusted for the sensi-
tivity and specificity of the classifiers but did not change 
substantially (mean difference: − 4.7 percentage point, 
range − 16.2 to + 9.3%) (Additional file  2; Supplemental 
Table 2).

All adjusted prevalence rates of NPS in EHRs of 
patients visiting the Alzheimer Center Erasmus MC 
were significantly higher compared to Alzheimer Center 
Amsterdam (all FDR-adjusted p < 0.001) (Fig. 1). Still, the 
ranking of most common NPS in EHRs of the Alzheimer 
Center Erasmus MC was similar to the Alzheimer Center 
Amsterdam: apathy (adjusted prevalence = 100.0%), 
depressive symptoms (adjusted prevalence = 75.9%), 
anxiety (adjusted prevalence = 66.2%), and irritability 
(adjusted prevalence = 66.2%). Adjusting for the sensi-
tivity and specificity of the classifiers when applied in 
the external test set substantially changed the preva-
lence estimates (mean difference: + 12.3 percentage point 
range − 0.3 to + 23.8%; Additional file  2; Supplemental 
Table 2).

The prevalence of NPS classified in EHRs differed sig-
nificantly according to sex and disease severity (Addi-
tional file 2; Supplemental Tables 4 and 5). EHRs of male 
patients contained more general descriptions of NPS 
than EHRs of female patients in both cohorts  (FDR-
adjusted p < 0.05). At the Alzheimer Center Amsterdam, 
agitation, aberrant motor behavior, apathy, disinhibi-
tion, irritability, and sleeping behavior were more often 
reported in males (all FDR-adjusted p < 0.001), while 
EHRs of females contained more reports of anxiety and 
depression (all FDR-adjusted p < 0.01). We found similar 
findings for agitation, anxiety, depression, and disinhibi-
tion in the Alzheimer Center Erasmus MC dataset (all 
FDR-adjusted p < 0.001) (Additional file 2; Supplemental 
Table  4). In addition, EHRs of patients with MCI con-
tained more reports of anxiety and depression compared 
to EHRs of patients with dementia (all FDR-adjusted 
p < 0.01), while delusions and hallucinations were more 
common in patients with dementia compared to patients 
with MCI at the Alzheimer Center Amsterdam (all 
FDR-adjusted p < 0.001). At the Alzheimer Center Eras-
mus MC, depression and disinhibition were more often 
reported in EHRs of patients with MCI than in EHRs of 
patients with dementia (all FDR-adjusted p < 0.01) (Addi-
tional file 2; Supplemental Table 5).

To evaluate the accuracy of the adjusted classifier esti-
mates, estimates were compared with annotations for the 
training set and the external test set (Additional file  2; 
Supplemental Table  3). Generally, NPS prevalence rates 
based on adjusted classifiers were highly comparable to 
the annotations. However, several adjusted prevalence 

rates in the Alzheimer Center Erasmus MC data set were 
not valid probably due to low specificity (e.g., 100.0% 
[96.1–103.3%] for apathy).

Intra‑individual comparison between EHRs and NPI 
assessments
A subsample of 2022 individuals (67%) from the Alzhei-
mer Center Amsterdam and 133 individuals (21%) from 
the Alzheimer Center Erasmus MC had an NPI assess-
ment available. For both cohorts, the overall prevalence 
of NPS in EHRs was considerably higher than NPS 
reported on the NPI (Alzheimer Center Amsterdam 
median prevalence 52.5% vs. 20.1%; Alzheimer Center 
Erasmus MC 62.8% vs. 39.1%) (Figs. 2 and 3).

Kappa coefficients indicated minimal to no agree-
ment between NPS described in the EHRs by clinicians 
and NPS reported on the NPI by caregivers (Figs. 2 and 
3). Agreement was minimal for depressive symptoms in 
the Alzheimer Center Amsterdam (κ = 0.28) and agita-
tion (κ = 0.26) in the Alzheimer Center Erasmus MC, 
while there was no agreement between all other NPS 
reported by clinicians and caregivers (all κ < 0.18). Kappa 
coefficients were highly similar across the two cohorts, 
except for a lower agreement for depressive symptoms 
(κ =  − 0.04) and anxiety (κ = 0.01) in the Alzheimer 
Center Erasmus MC compared to the Alzheimer Center 
Amsterdam (depression κ = 0.28, anxiety κ = 0.15).

Figures 2 and 3 show that the disagreements between 
NPS described in the EHRs by clinicians and NPS 
reported on the NPI by caregivers were mostly due to 
an lower NPS prevalence rates according to the NPI (i.e., 
EHR + NPI-), as approximately 30% of the patients had 
a symptom solely reported in their EHR. Yet, NPS were 
solely reported on the NPI for almost 10% the patients 
(i.e., EHR-NPI +).

Discussion
Main findings of this study were that (1) NLP classifiers 
performed well in detecting a wide range of NPS in EHRs 
of patients with symptomatic AD visiting the memory 
clinic, although the generalizability of some NLP classi-
fiers to detect NPS in EHRs in an external data set was 
limited; (2) clinicians frequently described NPS in EHRs 
of patients with symptomatic AD in both memory clinic 
cohorts; and (3) there was low agreement between NPS 
in EHRs reported by clinicians and NPS on NPI assess-
ments reported by caregivers.

Performance of classifiers
Based on the AUCs (range 0.81–0.91), performance of 
the classifiers was considered excellent in the training 
set and comparable to previous NLP studies in demen-
tia [31]. External validation of classifiers showed good 
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generalizability for the majority of NPS, except for hal-
lucinations, delusions, and aberrant motor behavior. The 
few previous studies that used NLP to detect NPS have 
not conducted external validation [17–19], similar to the 
studies that used machine learning approaches recently 
reviewed in the field of geriatric psychiatry [31]. Hence, 
performing such analyses was considered a clear strength 
of this study as external validation is essential to establish 
the generalizability of classifiers [13].

Prevalence of NPS in EHRs
Adjusting for imperfect sensitivity and specificity gen-
erally yielded accurate NPS prevalence rates when 
compared to annotated NPS. However, this resulted in 
extreme high values for some classifiers in the external 
data set (e.g., 100.0% [96.1–103.3%] for apathy), ques-
tioning the use of these classifiers in an external data 
set. A possible explanation is the moderate inter-rater 
agreement scores, probably due to substantial variation 
in terminologies used to denote NPS among clinicians 
[32–35]. Several researchers have raised concerns that 
divergent terminologies may hamper adequate recog-
nition and treatment of NPS [32, 35], while it remains 
unknown to which degree this affects all NPS observed 

in AD. Our findings suggest that the clinicians’ abilities to 
uniformly detect NPS was especially limited for aberrant 
motor behavior, euphoria, disinhibition, and agitation, 
while higher agreement was observed among clinicians 
for NPS such as hallucinations, delusions, and depressive 
symptoms. The implementation of the use of diagnostic 
criteria for NPS such as agitation may help to uniform 
the nomenclature used by clinicians working at the mem-
ory clinic [36].

The adjusted prevalence estimates indicated that cli-
nicians frequently reported NPS in EHRs of individuals 
with symptomatic AD visiting the memory clinic, espe-
cially apathy, anxiety, irritability, aberrant motor behav-
ior, and depressive symptoms. These symptoms are 
commonly diagnosed in the early clinical stages of AD 
based on proxy-based measures, self-report instruments, 
and clinician rating scales [2, 3, 37]. The adjusted preva-
lence estimates of hallucinations, delusions, depressive 
symptoms, and agitation in our study were lower com-
pared to prevalence rates in EHRs reported in two pre-
vious NLP studies [17, 19]. These two studies clustered 
symptoms that were analyzed separately in our study 
(e.g., delusions and hallucinations). Furthermore, these 
studies also included EHRs of individuals with severe 

Fig. 2  Agreement between NPS described in EHRs and reported on NPI in Alzheimer Center Amsterdam cohort (n = 2022). Abbreviations: AMB, 
aberrant motor behavior; EHR, electronic health record; EHR-NPI +, NPS reported on NPI; but not described in EHR; EHR + NPI-, NPS described 
in EHR; but not reported on NPI; EHR + NPI +, NPS reported on both EHR and NPI; Κ, Kappa coefficient; NPI, Neuropsychiatric Inventory; NPS, 
neuropsychiatric symptoms
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dementia living in nursing homes, which may explain 
the higher NPS prevalence rates reported. In addition, in 
contrast to previous studies [17, 19], our study adjusted 
for imperfect classification performances of the classifiers 
which generally reduced prevalence estimates.

We found a similar ranking of NPS reported in EHRs in 
both memory clinic cohorts included. Yet, we observed 
substantial higher prevalence estimates across all NPS 
in EHRs of patients who visited the Erasmus MC that 
might result from several factors. First, this might be due 
to the limited classification abilities of the classifiers for 
this external data set with a tendency to overestimate 
NPS, e.g., 100.0% (95% CI 96.1–103.3%) for apathy. Sec-
ond, data collection for the Alzheimer Center Amster-
dam started in 1993, while we have data from the year 
2004 onwards from the Alzheimer Center Erasmus MC. 
Awareness that NPS are a core clinical feature of NPS has 
increased among clinicians in later years [38, 39], which 
might have resulted in higher NPS prevalence rates in 
the Alzheimer Center Erasmus MC. When selecting 
EHRs from the Alzheimer Center Amsterdam written 
between 2004 and 2020, we found a significant increase 

in prevalence estimates of all NPS (all FDR-adjusted 
p < 0.05), except for hallucinations. However, prevalence 
estimates of all NPS remained significantly higher for 
EHRs of the Alzheimer Center Erasmus MC (all FDR-
adjusted p < 0.001), while only the prevalence of anxiety 
was similar for both centers (FDR-adjusted p > 0.05, Addi-
tional file 2; Supplemental Table 6). Therefore, these dif-
ferences may arise from systematic differences in patient 
populations, also reflected by significant differences in 
NPI assessments between centers (Additional file 2; Sup-
plemental Table 7). The Alzheimer Center Erasmus MC 
is a frontotemporal dementia (FTD) center of expertise. 
Consequently, a large proportion of the patients referred 
to this center are suspected of having FTD due to sub-
stantial NPS including agitation, disinhibition, and psy-
chotic symptoms.

The prevalence of NPS as reported by clinicians 
in EHRs was related to the sex of the patient in both 
cohorts. The increased prevalence of depressive symp-
toms among females and apathy among males are in line 
with the findings of a recent meta-analysis on sex dif-
ferences in NPS in AD dementia as primarily assessed 

Fig. 3  Agreement between NPS described in EHRs and reported on NPI in Alzheimer Center Erasmus MC cohort (n = 133). Abbreviations: AMB, 
aberrant motor behavior, EHR, electronic health record, EHR-NPI +, NPS reported on NPI, but not described in EHR, EHR + NPI-, NPS described 
in EHR, but not reported on NPI, EHR + NPI +, NPS reported on both EHR and NPI, Κ, Kappa coefficient, NPI, Neuropsychiatric Inventory, NPS, 
neuropsychiatric symptoms. Classifiers for aberrant motor behavior, delusions, and hallucinations were not included in these analyses as AUC < 0.80
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by proxy-instruments such as the NPI [40]. In addition, 
NPS prevalence in EHRs was also associated with dis-
ease severity. Psychotic symptoms were more common in 
EHRs of patients with dementia compared to MCI, which 
is in line with prior research [2, 37]. In contrast, affective 
symptoms were more common in EHRs of patients with 
MCI, which has also been reported previously [3].

Comparison between EHRs and NPI assessments
We found at best minimal agreement between NPS that 
were described in EHRs by caregivers and NPS endorsed 
on the NPI by caregivers. It is important to note that NPS 
were spontaneously described or observed and reported 
in EHRs by clinicians, while NPS were assessed using a 
structured and standardized assessment tool in caregiv-
ers. Given these differences in NPS reports, we cannot 
directly compare the perspectives of clinicians and car-
egivers regarding their NPS impression, though  both of 
these methods are used to indicate the presence of spe-
cific NPS in the memory clinic.

Our findings do corroborate with prior studies show-
ing large disagreement between clinicians and caregivers 
in standardized NPS instrument outcomes [12, 41–43]. 
Discrepancies in NPS ratings might result from differ-
ences in the reference point based on which clinicians 
and caregivers consider certain behaviors abnormal. 
For instance, caregivers have to indicate whether behav-
iors are abnormal compared to pre-morbid functioning, 
while clinicians usually evaluate behaviors while referring 
to the general population and/or their personal clinical 
experience. In addition, prior research suggests substan-
tial differences in nomenclature used to describe NPS 
between caregivers and clinicians [32].

Clinicians generally reported more NPS in EHRs than 
caregivers reported on the NPI. Clinicians may be less 
biased by factors that are known to affect proxy-based 
NPS instruments such as mood, stress, fatigue, and recall 
bias [10]. In addition, NPS that were described in EHRs 
were not limited to specific wording and a timeframe 
of four weeks that is usually assessed with the NPI [25]. 
Finally, it should be noted that NPS were detected in 
EHRs based on imperfect classifiers with a tendency to 
overestimate the NPS prevalence. Although caregivers 
generally reported less NPS, a notable proportion of NPS 
that caregivers endorsed on the NPI were not mentioned 
in EHRs. A recent study by our group suggests that NPS 
may be underrecognized by memory clinic physicians as 
they experience difficulties diagnosing NPS that mainly 
occur at home and because some physicians do not per-
ceive NPS as core feature of the early clinical stages of 
AD [44].

No gold standard exists to establish the presence of 
NPS in AD. Therefore, we cannot make firm conclusions 

about the comparison between NPS reports by caregiv-
ers and clinicians. It is imperative to relate NPS ratings 
of clinicians and caregivers to alternative and possibly 
less subjective measures of NPS, e.g., using wearables 
such as actigraphy [45]. However, wearable may only be 
able to capture abnormalities in motor activity as seen 
in apathy, agitation, aberrant motor behavior, and sleep-
ing behavior. These applications might not be suitable to 
assess NPS such as depression, delusions, and hallucina-
tions that consist of changes in feelings, thoughts, and 
perception.

Implications of findings
Our findings have important implications. First, although 
no gold standard exists, our findings may suggest that 
caregivers and clinicians report different NPS in com-
munity-dwelling individuals with symptomatic AD. This 
has serious consequences as memory clinic clinicians 
strongly rely on proxy-based instruments to establish the 
presence of NPS and to evaluate the effectiveness of phar-
macological and non-pharmacological interventions [7]. 
Moreover, proxy-based instruments are commonly used 
as outcome measure in clinical trials targeting NPS in AD 
[8]. Future studies should pair proxy-based NPS instru-
ments with clinician-based instrument such as the NPI-C 
[11]. Second, the developed classifiers might be used to 
study the manifestation of NPS in EHRs of populations 
without cognitive deficits as a growing body of research 
suggests that NPS may precede cognitive impairment 
during the course of AD [1, 46]. Third, although the per-
formance of a proportion of the classifiers was not con-
sidered sufficient to classify individual patients in the 
external test set at this stage, improving classification 
abilities holds promise for clinical practice. For example, 
these NLP applications might be used to identify patients 
in the early clinical stages of AD with significant NPS in 
other care settings than memory clinics, e.g., primary 
care. Hereby, these patients may be referred to a special-
ized memory clinic to receive adequate treatment as pri-
mary care providers have reported substantial difficulties 
in detecting and treating NPS [47, 48]. As NPS manifest 
differently in pre-dementia populations [49], prevalence 
estimates of the developed classifiers should be com-
pared with manual annotations in a subset when applied 
in pre-dementia populations.

Strengths and limitations
Strengths of this study include (1) the large well-defined 
cohort of individuals with symptomatic AD, of which a 
large proportion had a clinical diagnosis supported by 
AD-biomarkers; (2) a large team of trained clinicians who 
independently annotated a wide range of NPS using a 
guideline; and (3) the external validation of the classifiers 
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using an external memory clinic cohort. This study also 
has certain limitations that should be considered. First, 
the two cohorts studied were academic memory clinic 
populations with an overrepresentation of White and 
highly educated patients and young-onset and atypical 
variants of AD dementia. As considerable differences 
were already noted between these two cohorts in terms of 
NPS prevalence rates, future studies are needed to study 
the prevalence of NPS in EHRs of people in the early 
clinical stages of AD visiting memory clinics of general 
hospitals and other care settings. In addition, the limited 
performance of several classifiers might be explained by 
the low number of samples that were used to train the 
classifiers [50]. Moreover, our study indicated a lack of 
consistent nomenclature for NPS among clinicians which 
hampered the annotation process. Future studies may 
explore the use of word embeddings, such as generated 
with word2vec in the annotation process to identify dif-
ferent but semantically similar terms and also as features 
to enhance the classifiers [51]. Finally, we were not able to 
take the severity and clinical relevance of NPS reported 
in EHRs into account. Instead, the mere presence of NPS 
in EHRs was annotated and used in all analyses. To align 
this with NPI assessments, we compared NPS reported 
in EHRs with NPI domain scores ≥ 1. However, this may 
have led to the inclusion of changes in behavior and emo-
tions that may be trivial and of little clinical significance. 
Therefore, future studies are needed that take the sever-
ity of NPS reported by clinicians in EHRs into account, 
e.g., by examining the number of NPS reported in one 
EHR and/or by training separate classifiers for each NPS 
according to symptom severity. Note that findings did 
not change when comparing NPS classified in EHRs with 
NPI scores domain scores ≥ 4 indicating clinically rel-
evant NPS (Additional file 2; Supplemental Table 8).

Conclusions
Clinicians frequently report NPS in EHRs of individu-
als with symptomatic AD visiting the memory clinic. 
Within patients, we found low agreement between NPS 
reported in EHRs by clinicians and NPS reported on the 
NPI by caregivers, with substantially more NPS reported 
by clinicians than caregivers. More research is needed to 
determine whether this implies that caregivers underesti-
mate NPS or clinicians overestimate NPS.

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s13195-​023-​01240-7.

Additional file 1. Translated annotation guide.

Additional file 2. Additional analyses. Supplemental Table 1. Number of 
final annotations, accuracy, and kappa coefficients for the training set and 

the external test set. Supplemental Table 2. Unadjusted and adjusted 
prevalence rates of NPS classified in EHRs. Supplemental Table 3. NPS 
prevalence across EHR based on annotations and classifiers. Supplemen-
tal Table 4. NPS classified in EHRs according to sex of the patient. Sup-
plemental Table 5. NPS classified in EHRs according to disease severity. 
Supplemental Table 6. NPS classified in EHR according to year of visit. 
Supplemental Table 7. Comparison of NPI assessments between centers. 
Supplemental Table 8. Kappa coefficients for NPS classified in EHRs vs. 
NPS reported on NPI according to NPI cut off.  

Authors’ contributions
RO and JMP acquired funding for this study. WSE, EHS, EvdB, MC, RO, JAK, and 
JMP designed the study. JCvS contributed to the acquisition of patient data 
from the Alzheimer Center Erasmus MC. JLPF, YALP, and WMvdF contributed 
to the acquisition of patient data from the Alzheimer Center Amsterdam. EHS, 
CdB, and RO contributed to the acquisition of EHR data from the Alzheimer 
Center Amsterdam. WSE and JMP contributed to the acquisition of EHR data 
from the Alzheimer Center Erasmus MC. FG was responsible for the acquisition 
of NPI data at the Alzheimer Center Amsterdam. WSE, EHS, EvdB, MC, JAG, 
EGBV, MP, CG, MOM, RO, and JMP annotated the training and test set. JAK 
anonymized the EHR data, trained and validated the classifiers, and provided 
the probability scores. WSE analyzed data and interpreted the data assisted by 
EvdB, MC, RO, JAK, and JMP. WSE drafted the first version of the manuscript, 
while EHS, EvdB, CdB, MC, JAG, EGBV, MP, CG, MOM, FG, JLPF, YALP, WMvdF, 
JCvS, RO, JAK, and JMP critically reviewed the manuscript. All authors read and 
approved the final version of the manuscript.

Funding
JMP and RO were supported by an Alzheimer Nederland and Memorabel 
ZonMw Grant 733050823 (Deltaplan Dementie). Research of the Amsterdam 
UMC Alzheimer Centre is part of the neurodegeneration research program 
of the Neuroscience Campus Amsterdam. The Amsterdam UMC Alzheimer 
Center is supported by Alzheimer Nederland and Stichting VUmc Fonds. 
WMvdF holds the Pasman chair.

Availability of data and materials
The datasets used and/or analyzed during the current study are available from 
the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate
This study was approved by the Medical Ethics Committees of the Erasmus 
MC (2018–1137) and the Amsterdam UMC (2021.0044). Written informed 
consent was obtained from all participants.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details
1 Department of Neurology and Alzheimer Center Erasmus MC, Erasmus MC 
University Medical Center, PO Box 2040, 3000 CA Rotterdam, the Netherlands. 
2 Department of Neurology, Alzheimer Center Amsterdam, Amsterdam Univer-
sity Medical Centers, Amsterdam, the Netherlands. 3 Department of Psychiatry, 
Erasmus MC University Medical Center, Rotterdam, the Netherlands. 4 Depart-
ment of Internal Medicine, Section of Geriatrics, Erasmus MC University Medi-
cal Center, Rotterdam, the Netherlands. 5 Clinical Memory Research Unit, Lund 
University, Malmö, Sweden. 6 Department of Medical Informatics, Erasmus MC 
University Medical Center, Rotterdam, the Netherlands. 

Received: 20 September 2022   Accepted: 5 May 2023

https://doi.org/10.1186/s13195-023-01240-7
https://doi.org/10.1186/s13195-023-01240-7


Page 11 of 12Eikelboom et al. Alzheimer’s Research & Therapy           (2023) 15:94 	

References
	1.	 Eikelboom WS, van den Berg E, Singleton EH, Baart SJ, Coesmans M, 

Leeuwis AE, et al. Neuropsychiatric and cognitive symptoms across the 
Alzheimer disease clinical spectrum: cross-sectional and longitudinal 
associations. Neurology. 2021;28(97):e1276–87.

	2.	 Siafarikas N, Selbaek G, Fladby T, Saltyte Benth J, Auning E, Aarsland D. 
Frequency and subgroups of neuropsychiatric symptoms in mild cogni-
tive impairment and different stages of dementia in Alzheimer’s disease. 
Int Psychogeriatr. 2018;30(1):103–13.

	3.	 Wiels WA, Wittens MMJ, Zeeuws D, Baeken C, Engelborghs S. Neuropsy-
chiatric symptoms in mild cognitive impairment and dementia due to 
AD: Relation with disease stage and cognitive deficits. Front Psychiatry. 
2021;12: 707580.

	4.	 Hongisto K, Hallikainen I, Selander T, Tormalehto S, Vaatainen S, Marti-
kainen J, et al. Quality of Life in relation to neuropsychiatric symptoms in 
Alzheimer’s disease: 5-year prospective ALSOVA cohort study. Int J Geriatr 
Psychiatry. 2018;33(1):47–57.

	5.	 Connors MH, Seeher K, Teixeira-Pinto A, Woodward M, Ames D, Brodaty 
H. Dementia and caregiver burden: a three-year longitudinal study. Int J 
Geriatr Psychiatry. 2020;35(2):250–8.

	6.	 Liew TM. Neuropsychiatric symptoms in early stage of Alzheimer’s and 
non-Alzheimer’s dementia, and the risk of progression to severe demen-
tia. Age Ageing. 2021;50(5):1709–18.

	7.	 Gruters AAA, Ramakers IHGB, Kessels RPC, Bouwman FH, Olde Rikkert 
MGM, Blom MM, et al. Development of memory clinics in the Nether-
lands over the last 20 years. Int J Geriatr Psychiatry. 2019;34(8):1267–74.

	8.	 Black R, Greenberg B, Ryan JM, Posner H, Seeburger J, Amatniek J, et al. 
Scales as outcome measures for Alzheimer’s disease. Alzheimers Dement. 
2009;5(4):324–39.

	9.	 Jeon YH, Sansoni J, Low L-F, Chenoweth L, Zapart S, Sansoni E, et al. 
Recommended measures for the assessment of behavioral disturbances 
associated with dementia. Am J Geriatr Psychiatry. 2011;19(5):403–15.

	10.	 Lai CK. The merits and problems of Neuropsychiatric Inventory as an 
assessment tool in people with dementia and other neurological disor-
ders. Clin Interv Aging. 2014;9:1051–61.

	11.	 de Medeiros K, Robert P, Gauthier S, Stella F, Politis A, Leoutsakos J, et al. 
The Neuropsychiatric Inventory-Clinician rating scale (NPI-C): Reliability 
and validity of a revised assessment of neuropsychiatric symptoms in 
dementia. Int Psychogeriatr. 2010;22(6):984–94.

	12.	 Riedel O, Klotsche J, Pisa FE. Psychiatric symptoms in patients with 
dementia: do caregivers and doctors see the same thing? Alzheimer Dis 
Assoc Disord. 2019;33(3):233–9.

	13.	 Kersloot MG, van Putten FJP, Abu-Hanna A, Cornet R, Arts DL. Natural 
language processing algorithms for mapping clinical text fragments onto 
ontology concepts: a systematic review and recommendations for future 
studies. J Biomed Semantics. 2020;11(1):14.

	14.	 Coorevits P, Sundgren M, Klein GO, Bahr A, Claerhout B, Daniel C, et al. 
Electronic health records: new opportunities for clinical research. J Intern 
Med. 2013;274(6):547–60.

	15.	 Cowie MR, Blomster JI, Curtis LH, Duclaux S, Ford I, Fritz F, et al. Elec-
tronic health records to facilitate clinical research. Clin Res Cardiol. 
2017;106(1):1–9.

	16.	 Pons E, Braun LMM, Hunink MGM, Kors JA. Natural language processing 
in radiology: a systematic review. Radiology. 2016;279(2):329–43.

	17.	 Halpern R, Seare J, Tong J, Hartry A, Olaoye A, Aigbogun MS. Using elec-
tronic health records to estimate the prevalence of agitation in Alzheimer 
disease/dementia. Int J Geriatr Psychiatry. 2019;34(3):420–31.

	18.	 Topaz M, Adams V, Wilson P, Woo K, Ryvicker M. Free-text documentation 
of dementia symptoms in home healthcare: a natural language process-
ing study. Gerontol Geriatr Med. 2020;6:2333721420959861.

	19.	 Mar J, Gorostiza A, Ibarrondo O, Cernuda C, Arrospide A, Iruin Á, et al. Vali-
dation of random forest machine learning models to predict dementia-
related neuropsychiatric symptoms in real-world data. J Alzheimers Dis. 
2020;77(2):855–64.

	20.	 Van Der Flier WM, Scheltens P. Amsterdam Dementia Cohort: performing 
research to optimize care. J Alzheimers Dis. 2018;62(3):1091–111.

	21.	 Albert MS, DeKosky ST, Dickson D, Dubois B, Feldman HH, Fox NC, et al. 
The diagnosis of mild cognitive impairment due to Alzheimer’s disease: 
recommendations from the National Institute on Aging-Alzheimer’s 
Association workgroups on diagnostic guidelines for Alzheimer’s disease. 
Alzheimers Dement. 2011;7(3):270–9.

	22.	 McKhann GM, Knopman DS, Chertkow H, Hyman BT, Jack CR, Kawas CH, 
et al. The diagnosis of dementia due to Alzheimer’s disease: recommen-
dations from the National Institute on Aging-Alzheimer’s Association 
workgroups on diagnostic guidelines for Alzheimer’s disease. Alzheimers 
Dement. 2011;7(3):263–9.

	23.	 Duits FH, Teunissen CE, Bouwman FH, Visser P-J, Mattsson N, Zetterberg 
H, et al. The cerebrospinal fluid “Alzheimer profile”: easily said, but what 
does it mean? Alzheimers Dement. 2014;10(6):713–23.

	24.	 Ossenkoppele R, Tolboom N, Foster-Dingley JC, Adriaanse SF, Boellaard 
R, Yaqub M, et al. Longitudinal imaging of Alzheimer pathology using 
[11C]PIB, [18F]FDDNP and [18F]FDG PET. Eur J Nucl Med Mol Imaging. 
2012;39(6):990–1000.

	25.	 Kat MG, De Jonghe JF, Aalten P, Kalisvaart CJ, Dröes RM, Verhey FRJ. 
Neuropsychiatric symptoms of dementia: psychometric aspects of 
the Dutch Neuropsychiatric Inventory (NPI). Tijdschr Gerontol Geriatr. 
2002;33(4):150–5.

	26.	 De Jonghe JF, Kat MG, Kalisvaart CJ, Boelaarts L. Neuropsychiatric inven-
tory questionnaire (NPI-Q): a validity study of the Dutch form. Tijdschr 
Gerontol Geriatr. 2003;34(2):74–7.

	27.	 Stenetorp P, Pyysalo S, Topić G, Ohta T, Ananiadou S, Tsujii J. BRAT: a web-
based tool for NLP-assisted text annotation. 2021. https://​aclan​tholo​gy.​
org/​E12-​2021. Accessed 13 Apr 2022.

	28.	 Visser JJ, de Vries M, Kors JA. Automatic detection of actionable findings 
and communication mentions in radiology reports using natural lan-
guage processing. Eur Radiol. 2022;32(6):3996–4002.

	29.	 Hosmer DW Jr, Lemeshow S, Sturdivant RX. Applied logistic regression. 
Hoboken, NJ: Wiley; 2013.

	30.	 Diggle PJ. Estimating prevalence using an imperfect test. Epidemiol. 
2011;2011:608719.

	31.	 Chowdhury M, Casca Cervantes E, Chan W-Y, Seitz DP. Use of machine 
learning and artificial intelligence methods in geriatric mental health 
research involving electronic health record or administrative claims data: 
a systematic review. Front Psychiatry. 2021;12:738466.

	32.	 Gilmore-Bykovskyi A, Mullen S, Block L, Jacobs A, Werner NE. Nomencla-
ture used by family caregivers to describe and characterize neuropsychi-
atric symptoms. Gerontologist. 2020;60(5):896–904.

	33.	 Cerejeira J, Lagarto L, Mukaetova-Ladinska EB. Behavioral and psychologi-
cal symptoms of dementia. Front Neurol. 2012;3:73.

	34.	 Cohen-Mansfield J, Dakheel-Ali M, Jensen B, Marx MS, Thein K. An 
analysis of the relationships among engagement, agitated behavior, 
and affect in nursing home residents with dementia. Int Psychogeriatr. 
2012;24(5):742–52.

	35.	 Volicer L, Galik E. Agitation and aggression are 2 different syndromes in 
persons with dementia. J Am Med Dir Assoc. 2018;19(12):1035–8.

	36.	 Sano M, Cummings J, Auer S, Bergh S, Fischer CE, Gerritsen D, et al. Agita-
tion in cognitive disorders: progress in the International Psychogeriatric 
Association consensus clinical and research definition. Int Psychogeriatr. 
2023. https://​doi.​org/​10.​1017/​S1041​61022​20010​41.

	37.	 Spalletta G, Musicco M, Padovani A, Rozzini L, Perri R, Fadda L, et al. 
Neuropsychiatric symptoms and syndromes in a large cohort of newly 
diagnosed, untreated patients with Alzheimer disease. Am J Geriatr 
Psychiatry. 2010;18(11):1026–35.

	38.	 Lyketsos CG, Carrillo MC, Ryan JM, Khachaturian AS, Trzepacz P, Amatniek 
J, et al. Neuropsychiatric symptoms in Alzheimer’s disease. Alzheimers 
Dement. 2011;7(5):532–9.

	39.	 Geda YE, Schneider LS, Gitlin LN, Miller DS, Smith GS, Bell J, et al. 
Neuropsychiatric symptoms in Alzheimer’s disease: past progress and 
anticipation of the future. Alzheimers Dement. 2013;9(5):602–8.

	40.	 Eikelboom WS, Pan M, Ossenkoppele R, Coesmans M, Gatchel JR, Ismail Z, 
et al. Sex differences in neuropsychiatric symptoms in Alzheimer’s disease 
dementia: a meta-analysis. Alzheimers Res Ther. 2022;14(1):48.

	41.	 Stella F, Vicente Forlenza O, Laks J, Pires de Andrade L, de CastilhoCação 
J, Sílvio Govone J, et al. Caregiver report versus clinician impression: disa-
greements in rating neuropsychiatric symptoms in Alzheimer’s disease 
patients. Int J Geriatr Psychiatry. 2015;30(12):1230–7.

	42.	 Cohen-Mansfield J, Golander H, Heinik J. Delusions and hallucinations in 
persons with dementia: a comparison of the perceptions of formal and 
informal caregivers. J Geriatr Psychiatry Neurol. 2013;26(4):251–8.

	43.	 Zaidi S, Kat MG, de Jonghe JF. Clinician and caregiver agree-
ment on neuropsychiatric symptom severity: a study using the 

https://aclanthology.org/E12-2021
https://aclanthology.org/E12-2021
https://doi.org/10.1017/S1041610222001041


Page 12 of 12Eikelboom et al. Alzheimer’s Research & Therapy           (2023) 15:94 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

Neuropsychiatric Inventory - Clinician rating scale (NPI-C). Int Psychogeri-
atr. 2014;26(7):1139–45.

	44.	 Eikelboom WS, Lazaar N, van Bruchem-Visser RL, Mattace-Raso FUS, 
Coesmans M, Ossenkoppele R, et al. The recognition and management 
of neuropsychiatric symptoms in early Alzheimer’s disease: A qualita-
tive study among Dutch memory clinic physicians. Psychogeriatrics. 
2022;22(5):707–17.

	45.	 Khan SS, Ye B, Taati B, Mihailidis A. Detecting agitation and aggression in 
people with dementia using sensors—a systematic review. Alzheimers 
Dement. 2018;14(6):824–32.

	46.	 Wise EA, Rosenberg PB, Lyketsos CG, Leoutsakos J-M. Time course of 
neuropsychiatric symptoms and cognitive diagnosis in National Alz-
heimer’s Coordinating Centers volunteers. Alzheimers Dement (Amst). 
2019;11:333–9.

	47.	 Jennings AA, Foley T, McHugh S, Browne JP, Bradley CP. ‘Working away 
in that grey area…’ A qualitative exploration of the challenges general 
practitioners experience when managing behavioural and psychological 
symptoms of dementia. Age Ageing. 2018;47(2):295–303.

	48.	 Hansen A, Hauge S, Bergland Å. Meeting psychosocial needs for persons 
with dementia in home care services–a qualitative study of different 
perceptions and practices among health care providers. BMC Geriatr. 
2017;17(1):211.

	49.	 Ismail Z, Agüera-Ortiz L, Brodaty H, Cieslak A, Cummings J, Fischer CE, 
et al. The Mild Behavioral Impairment Checklist (MBI-C): a rating scale for 
neuropsychiatric symptoms in pre-dementia populations. J Alzheimers 
Dis. 2017;56(3):929–38.

	50.	 Beleites C, Neugebauer U, Bocklitz T, Krafft C, Popp J. Sample size plan-
ning for classification models. Anal Chim Acta. 2013;760:25–33.

	51.	 Mikolov T, Chen K, Corrado G, Dean J. Efficient estimation of word rep-
resentations in vector space. arXiv. 2013. https://​doi.​org/​10.​48550/​arXiv.​
1301.​3781.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.48550/arXiv.1301.3781
https://doi.org/10.48550/arXiv.1301.3781

	The reporting of neuropsychiatric symptoms in electronic health records of individuals with Alzheimer’s disease: a natural language processing study
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Methods
	Data
	Data annotation
	Text preprocessing
	Classifier training
	Statistical analysis
	Evaluation of annotations and classifier performance
	Prevalence of NPS in EHRs
	Intra-individual comparison between EHRs and NPI


	Results
	Patient characteristics
	Annotations
	Performance of classifiers
	Prevalence of NPS in EHRs
	Intra-individual comparison between EHRs and NPI assessments

	Discussion
	Performance of classifiers
	Prevalence of NPS in EHRs
	Comparison between EHRs and NPI assessments
	Implications of findings
	Strengths and limitations

	Conclusions
	Anchor 30
	References


