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Abstract
Background: The aim of this study was to examine the potential added value of including neuropsychiatric symptoms

(NPS) in machine learning (ML) models, along with demographic features and Alzheimer’s disease (AD) biomarkers, to

predict decline or non-decline in global and domain-specific cognitive scores among community-dwelling older adults.

Objective: To evaluate the impact of adding NPS to AD biomarkers on ML model accuracy in predicting cognitive

decline among older adults.

Methods: The study was conducted in the setting of the Mayo Clinic Study of Aging, including participants aged≥ 50

years with information on demographics (i.e., age, sex, education), NPS (i.e., Neuropsychiatric Inventory

Questionnaire; Beck Depression and Anxiety Inventories), at least one AD biomarker (i.e., plasma-, neuroimaging-

and/or cerebrospinal fluid [CSF]-derived), and at least 2 repeated neuropsychological assessments. We trained and tested

ML models using a stepwise feature addition approach to predict decline versus non-decline in global and domain-specific

(i.e., memory, language, visuospatial, and attention/executive function) cognitive scores.

Results: ML models had better performance when NPS were included along with a) neuroimaging biomarkers for pre-

dicting decline in global cognition, as well as language and visuospatial skills; b) plasma-derived biomarkers for predicting

decline in visuospatial skills; and c) CSF-derived biomarkers for predicting decline in attention/executive function, lan-

guage, and memory.

Conclusions: NPS, added to ML models including demographic and AD biomarker data, improves prediction of down-

ward trajectories in global and domain-specific cognitive scores among community-dwelling older adults, albeit effect sizes

are small. These preliminary findings need to be confirmed by future cohort studies.
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Introduction
Neuropsychiatric symptoms (NPS) such as apathy or
depression are very common in older adults, with preva-
lence rates ranging between 25% in cognitively unimpaired
individuals to about 50% in those with mild cognitive
impairment (MCI).1,2 In persons with Alzheimer’s disease
(AD), almost all patients develop NPS at some point
during the course of the illness.3 NPS are a well-established
risk factor for cognitive impairment and are associated with
an increased risk of incident MCI,4,5 dementia,6–10 and
decline in cognitive trajectories.11,12

AD biomarkers derived from neuroimaging, cerebro-
spinal fluid (CSF), and, more recently, blood provides the
opportunity for in vivo investigation of NPS in biologically-
defined AD.13 To this end, a growing body of research has
shown that NPS coupled with AD biomarker abnormality
may be associated with a higher risk of cognitive impair-
ment or decline than either alone.14–16

To date, most research on the associations between NPS
and AD biomarkers in predicting cognitive impairment or
decline has been conducted using traditional statistical
approaches, and there is a lack of studies that leverage
machine learning (ML) based approaches to study these
associations. This is important as ML models may have
added value in capturing complex and non-linear patterns,
particularly in larger datasets. ML is increasingly being
used in brain aging research and may aid in making early
diagnosis of AD and increase the specificity and sensitivity
of the diagnosis.17,18 Studies have also shown that neuroi-
maging data can be used to study changes in the brain sug-
gestive of AD using different ML techniques with
acceptable accuracy, offering the potential for individua-
lized diagnosis.19,20 However, in a recently published litera-
ture review by our group,21 we found only one study using
Alzheimer’s Disease Neuroimaging Initiative (ADNI) data
that utilized ML to combine NPS and AD biomarker infor-
mation in predicting cognitive impairment, i.e., classifica-
tion of normal cognition and MCI/AD.22 This study,
however, focused only on using neuroimaging biomarkers
of AD and baseline information from NPI-Q to determine
mild behavioral impairment (MBI) and MBI domains.

Thus, the aim of this study was to develop ML models to
predict decline or non-decline in global and domain-specific
cognitive scores from AD biomarkers and NPS in a large
sample of community-dwelling older adults. Specifically,
we examined whether ML models including demographic
features (i.e., sex, education, and age) and (1) plasma-
derived biomarkers and NPS; (2) neuroimaging-derived
biomarkers and NPS; and (3) CSF-derived biomarkers
and NPS predicted decline or non-decline in global and
domain-specific (i.e., i.e., memory, language, visuospatial,
and attention/ executive function) cognitive scores; and
whether model performance was better with or without
NPS features included.

Methods

Study setting and participants
Our study was conducted in the setting of the population-
based Mayo Clinic Study of Aging in Olmsted County,
MN, USA. The reader is referred to Roberts et al.23 for
details on the study methodology and procedures. Briefly,
all participants undergo a face-to-face evaluation, including
a neurological examination and administration of the Short
Test of Mental Status,24 a study coordinator visit to assess
sociodemographic data, NPS, and activities of daily
living, and neuropsychological testing supervised by a
psychometrist to assess performance in four cognitive
domains, i.e., memory, language, visuospatial skills, and
attention/ executive function. An expert consensus panel
of physicians, study coordinators, and neuropsychologists
then reviews the results for each participant and determines
whether a participant is cognitively unimpaired or has cog-
nitive impairment (i.e., MCI or dementia). This classifica-
tion is done based on published normative data developed
on a different sample in this community. For MCI, the
revised Mayo Clinic criteria are used.25 Participants with
MCI have a Clinical Dementia Rating (CDR) score of 0
or 0.5; however, the final diagnosis of MCI is based on
all available data. For the analyses reported in this manu-
script, we included Mayo Clinic Study of Aging partici-
pants aged 50 years and older (refer to Table 1 for
cognitive status summary), on whom information about
NPS and at least one AD biomarker, and repeated assess-
ments (at least 2) of global and domain-specific cognitive
function were available. All samples had PiB-PET and
FDG-PET, a portion of those samples also had plasma bio-
markers, and a portion of the sample also had CSF biomar-
kers. The study was approved by the Mayo Clinic and
Olmsted Medical Center institutional review boards, and
written informed consent was obtained from every partici-
pant. In the case of participants with cognitive impairment
sufficient to interfere with capacity, assent was obtained
from a legally authorized representative.

Neuropsychological assessment
We assessed performance in four cognitive domains using
standardized and validated neuropsychological tests: (1)
memory: Auditory Verbal Learning Test - delayed
recall,26 and Wechsler Memory Scale-Revised Logical
Memory II - delayed recall and Visual Reproduction II
Tests - delayed recall;27 (2) language: Boston Naming
Test,28 and category fluency;29; (3) visuospatial skills:
Wechsler Adult Intelligence Scale-Revised Block Design
and Picture Completion Tests;30 (4) and attention/executive
function: Trail-Making Test Part B,31 and Wechsler Adult
Intelligence Scale-Revised Digit Symbol Substitution
Test.30 Using these individual tests, global and domain-

834 Journal of Alzheimer’s Disease 103(3)



specific cognitive z-scores were calculated as detailed by
Pink et al.15 An expert consensus panel of physicians,
study coordinators, and neuropsychologists reviewed the
results for each participant and determined whether a par-
ticipant was cognitively unimpaired or had cognitive
impairment (i.e., MCI or dementia). In this manuscript,
we used the change between the baseline and the last visit
in global cognition z-score as well as in domain-specific
cognitive z-scores (i.e., memory, language, visuospatial
skills, attention/ executive function) to determine decline
versus non-decline as the outcomes of interest in our
analyses.

AD biomarker ascertainment
The Mayo Clinic Study of Aging team has published its
methodology on plasma32,33 and CSF-derived34 biomarker
assessment. Briefly, plasma-derived Aβ42/Aβ40 ratio, glial
fibrillary acidic protein (GFAP), and neurofilament light
chain (NfL) were quantified via the Simoa® Neurology
4-Plex E Advantage kit (N4PE, item #103,670), and for
phospho-tau 181 (p-tau181), the Simoa® p-tau181
Advantage V2 kit (item #103,714) was utilized. All
samples were measured on a Quanterix HD-X analyzer
(Quanterix, Lexington, MA, USA). CSF amyloid-beta1-42
(Aβ42), total Tau (t-tau) and hyperphosphorylated Tau-181
(p-tau181) were analyzed using Elecsys® β-Amyloid (1-42)
CSF, Elecsys® Total-Tau CSF, and Elecsys® Phospho-Tau

(181P) CSF electrochemiluminescence immunoassays
(Roche Diagnostics). Furthermore, the Mayo Clinic Study
of Aging team has published its methodology including
cut points, on FDG-PET (<=1.47),35–37 and amyloid (PiB
PET) imaging (>=1.48).35,38–40 In this manuscript, we
used four plasma-derived (i.e., Aβ42/Aβ40 ratio, GFAP,
NfL, and p-tau181), three CSF-derived (i.e., Aβ42, t-tau,
and p-tau181), and two neuroimaging-derived biomarkers
(i.e., PiB-PET and FDG-PET) for ML-based prediction of
cognitive trajectories.

Neuropsychiatric symptoms assessment
NPS were assessed using the Neuropsychiatric Inventory
Questionnaire (NPI-Q41), which was administered as a
structured interview to an informant by a study coordinator
and assessed the presence or absence of 12 symptoms (i.e.,
depression, anxiety, apathy, agitation, delusions, hallucina-
tions, euphoria, disinhibition, irritability, aberrant motor
behavior, sleep/ nighttime disturbance behavior, and
eating/appetite). In addition, we assessed self-reported
depression and anxiety using the Beck Depression
Inventory II (BDI-II42) and Beck Anxiety Inventory
(BAI43). The BDI-II measures common symptoms of
depression, such as feelings of guilt or loss of interest,
over the preceding 2 weeks. The BAI measures common
anxiety symptoms, such as nervousness or fear of losing
control, over the preceding week. Both inventories are

Table 1. Description of participant demographics included in this study for the three sets of ML experiments.

Experiment

Total

Sample

Sex

(Male

/Female)

Education

(Mean±
SD y)

Age

(Mean± SD y)

Baseline versus

follow-up time

difference

(Mean± SD,

median y)

Baseline versus

follow-up

change in

cognitive

outcome (Mean

± SD, median)

Cognitive

Status

APOE ϵ4
(carrier/

non-carrier)

(1) Using demographics,

plasma-derived

biomarkers

and NPS

1254 531/723 14.9± 2.6 70.9± 9.4 6.0± 2.9, 6.5 −0.11± 0.72,

−0.02
1126 CU,

104 MCI,

22

dementia,

2 missing

332/915, 7

missing

(2) Using demographics,

neuroimaging-derived

biomarkers and NPS

1345 563/782 14.9± 2.6 71.0± 9.5 6.0± 3.0, 6.5 −0.11± 0.72,

−0.04
1203 CU,

117 MCI,

23

dementia,

2 missing

356/980, 9

missing

(3) Using demographics,

CSF-derived

biomarkers

and NPS

299 120/179 14.8± 2.5 68.8± 9.2 6.7± 2.8, 7.5 −0.06± 0.76,

0.07

267 CU,

25 MCI,

6

dementia,

1 missing

91/205, 3

missing

CU: cognitively unimpaired; MCI: mild cognitive impairment. Samples with missing cognitive status had validity issues with the diagnosis. This table

summarizes the maximum number of samples for a given experiment with no missing entries. However, the sample count does vary for different outcomes

(refer to Tables 3, 4, and 5).
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validated and consist of 21 items. The severity of each item
is rated on a Likert-type scale ranging from 0 to 3, with the
total score ranging from 0 to 63 and a higher score indicat-
ing higher symptom severity. In this manuscript, we used
14 measures of NPS (i.e., presence/ absence of 12
NPI-Q-derived NPS, BAI total score, and BDI-II total
score) for ML-based prediction of cognitive trajectories.
NPS measured by these scales consider that behavioral
traits such as anxiety and impulsivity are indeed inherently
subjective.

Machine learning (Ml) models
We trained and tested ML models using a stepwise feature
addition approach to predict trajectories in one global and
four domain-specific (i.e., memory, language, visuospatial,
and attention/ executive function) cognitive outcomes.
Table 2 provides an overview of the experimental design
and predictors included in the prediction of cognitive out-
comes, and Table 1 describes a brief summary of sample
demographics for three sets of ML experiments. We dis-
carded samples from data that had missing values for any
of the measurements. The data included after cleaning
missing value entries contained five different sets of mea-
surements, namely: (1) demographics - sex, education,
and age; (2) plasma-derived biomarkers - Aβ42/Aβ40 ratio,
GFAP, NfL, and p-tau181; (3) neuroimaging-derived bio-
markers - PiB-PET and FDG-PET; (4) CSF-derived bio-
markers - Aβ42, t-tau, and p-tau181; (5) NPS – BDI-II
total score (continuous variable; possible range: 0–63
with higher score indicating higher depressive symptoms),
BAI total score (continuous variable; possible range: 0–63
with higher score indicating higher anxiety symptoms), 12
NPI-Q features (categorical variables; presence or absence
of the respective neuropsychiatric symptom). We used
each participant’s first and last recorded visit data to deter-
mine if there was a decline or non-decline in cognitive
outcome variables.

To study the role of NPS in predicting decline or non-
decline in cognitive outcome variables, we conducted
three sets of experiments and used a stepwise approach to

build predictive models as illustrated in Figure 1: (1) includ-
ing demographic features, then adding plasma-derived bio-
markers, then adding NPS; (2) including demographic
features, then adding neuroimaging-derived biomarkers,
then adding NPS; and (3) including demographic features,
then adding CSF-derived biomarkers, then adding NPS.
All features were pre-processed by removing the mean
and scaling to unit variance before inputting it into ML
models.44 We use 5-fold cross-validation with grid search
“GridSearchCV” technique45 for finding the optimal par-
ameter configuration from a given set of parameters in a
grid (see Supplemental Table 1). Data is split in a ratio of
90:10 for training and held-out testing sets, respectively,
while maintaining the same distribution of samples with
decline and non-decline in cognitive outcomes.
GridSearchCV performs a 5-fold cross-validation on the
training data for hyperparameter optimization. For a given
ML model, training fold, and different hyperparameters -
GridSearchCV finds the best parameters using AUC as a
validation metric. Among 10 different ML models (see
paragraph below), using the best hyperparameter configur-
ation, a single model is selected that performs best among
five folds of training data. This model is re-trained on
entire training data, and predictions are made on the
held-out test set. For each cognitive outcome variable, we
only chose the best-performing ML model using demo-
graphic features and compared its performance when NPS
and other biomarkers were added.

Different ML algorithms learn differently from the
underlying data, which is known to introduce strengths or
weaknesses.46 To avoid algorithm specific limitations, we
included 10 different ML models with best parameters
obtained from GridSearchCV for each experiment,
namely (1) Logistic Regression—a generalized linear ML
model where estimated probability response is a linear func-
tion of predictor parameters; (2) K-nearest neighbors - non-
parametric supervised learning algorithm that finds the k
most similar training examples to a new data point and
then uses the labels of those training examples to predict
the label of the new data point; (3) Support Vector
Machine - used to classify data by finding the optimal

Table 2. Number of features input to ML models for each predictor in each experiment in stepwise feature addition approach.

Experiment Step Predictors (number of features) Cognitive outcomes

1 1 demographics (3) (a) attention/

executive function

(b) visuospatial

(c) language

(d) memory

(e) global

2 demographics (3), plasma-derived biomarkers (4)

3 demographics (3), plasma-derived biomarkers (4), neuropsychiatric symptoms (14)

2 1 demographics (3)

2 demographics (3), neuroimaging-derived biomarkers (2)

3 demographics (3), neuroimaging-derived biomarkers (2), neuropsychiatric symptoms (14)

3 1 demographics (3)

2 demographics (3), CSF-derived biomarkers (3)

3 demographics (3), CSF-derived biomarkers (3), neuropsychiatric symptoms (14)
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decision boundary that separates different classes and max-
imizes the margin between support vectors; (4) Gaussian
Process - Bayesian method that makes predictions with
uncertainty; (5) Decision Trees - predicts outcomes by
learning and mapping decisions in a branching structure;
(6) Random Forests - ensembling technique that combines
outputs of multiple decision trees to make predictions; (7)
Multi-layer Perceptron - a simple feedforward neural
network that can learn non-linear associations between
input data and target variables; (8) Naive Bayes - a probabil-
istic classifier that predicts outcomes based on probability
of occurrence of features; (9) Quadratic Discriminant
Analysis - assumes and learns a gaussian distribution for
each class in target/outcome variables space; and (10)
eXtreme Gradient Boosting (XGBoost) - uses gradient
boosted combination of decision-trees to make predictions.
The performance of each model was evaluated using the
area under the ROC curve (AUC), as well as brier score,
accuracy, sensitivity, specificity, and precision. Accuracy
was defined as (TP+TN)/N, where TP is the number of
true positives and TN for true negatives from total N
samples. Sensitivity and Specificity measure the ability of
a classifier to identify positive and negative instances,
here, subjects with cognitive decline and those without,
respectively. Sensitivity was defined as TP/(TP+ FN) and
specificity as TN/(TN+ FP), where FN and FP are falsely
classified as negative and positive, respectively.

We added brier score to evaluate the potential added
value of including NPS in ML models along with demo-
graphic, CSF, plasma and neuroimaging biomarkers. Net
reclassification index (NRI) and DeLong’s test are two dif-
ferent statistical methods to compare risk prediction
models. However, NRI is known to produce overly optimis-
tic results when risk models do not adequately fit the test
data,47,48 which can result in seemingly improved predic-
tion performance based on positive NRI values when

evaluated on the test data—even if the models do not genu-
inely enhance prediction accuracy. Whereas, in DeLong’s
test, the inherent assumption of a Gaussian distribution
for the empirical AUC differences between the full and
reduced models can be overly restrictive, leading to conser-
vative results, particularly in cases involving nested models,
as in our study.49 Pepe et al. (2014)47 suggested that the
AUC difference (ΔAUC) between the full and reduced
models and the Brier Score difference (ΔBrier) demonstrate
more consistent performance in reflecting true prediction
improvement. Additionally, we employed the Wald test to
demonstrate the significance of the added NPS features.

Results

Predictive performance of global and domain-specific
cognitive outcomes
Table 3 shows the predictive performance of decline or
non-decline in global and domain-specific cognitive
scores using different ML models, including demographic
features, plasma-derived biomarkers, and NPS. Besides
memory and visuospatial, adding plasma biomarkers and
NPS improved the ML model’s overall performance (mea-
sured using AUC) in differentiating between increasing or
decreasing cognitive trajectories. For language, even
though AUC did not improve, specificity improved signifi-
cantly (0.91 versus 0.12), demonstrating the effectiveness
of NPS in reducing false positives in ML model predictions.
For global cognition prediction, adding NPS to demograph-
ics and plasma biomarkers had no positive effect on model
performance.

Similarly, adding NPS to demographic features and neu-
roimaging biomarkers improved ML models’ classification
performance for all outcomes of interest in our dataset,
except for attention (please refer to Table 4). In particular,

Figure 1. Building different sets of ML models using a stepwise feature addition approach.
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adding NPS considerably improved AUC for all cognitive
outcomes except attention/executive function and
memory. For memory, even though AUC did not
improve, the specificity of the model had significant
improvements (0.91 versus 0.67) with the added NPS in
the ML model. Performance improvement might be
domain specific, i.e., improved prediction in global cogni-
tion might be driven by improvements in visuospatial and
language outcomes.

Furthermore, as shown in Table 5, there are improve-
ments in AUC performance when adding NPS to

demographic features and CSF-derived biomarkers for all
cognitive outcomes, except for visuospatial skills outcomes.
For language and global cognitive outcomes, including
NPS significantly improved AUC scores.

For a visual display of data, please refer to the AUC plots
in Supplemental Figures 1–3.

Discussion
We observed that adding NPS to the demographic and AD
biomarkers ML model improved the prediction of decline in

Table 3. Performance of ML models in predicting decline (versus non-decline) in global and domain-specific cognitive outcomes using

stepwise feature addition (plasma-derived biomarkers and NPS).

Cognitive Outcomes Samples Step ML model ACC SPE SEN PRE BRI AUC

Attention/Executive

function

1222

(374/848)

1 Logistic Regression 0.67 0.19 0.88 0.72 0.19 0.66

2 0.71 0.16 0.94 0.72 0.15 0.75
3 0.70 0.00 1.00 0.70 0.16 0.71

Visuospatial 1228

(571/657)

1 Logistic Regression 0.64 0.61 0.68 0.60 0.24 0.66

2 0.59 0.56 0.63 0.55 0.22 0.68
3 0.63 0.58 0.68 0.58 0.24 0.66

Language 1231

(463/768)

1 Naive Bayes 0.60 0.02 0.97 0.61 0.38 0.59

2 0.62 0.58 0.64 0.71 0.23 0.63
3 0.48 0.92 0.21 0.80 0.23 0.62

Memory 1254

(599/659)

1 SVM 0.68 0.57 0.78 0.68 0.21 0.73
2 0.62 0.53 0.69 0.64 0.21 0.71

3 0.63 0.57 0.68 0.65 0.21 0.71

Global 1202

(489/713)

1 Random Forest 0.69 0.58 0.78 0.71 0.21 0.73

2 0.66 0.35 0.90 0.65 0.22 0.76
3 0.64 0.38 0.84 0.64 0.22 0.74

Step 1: Using demographic features only; Step 2: adding plasma-derived biomarkers; Step 3: adding NPS. Bold values indicate the best performance.

Samples: total count (increasing/decreasing cognitive outcome measures); ACC: accuracy; SPE: specificity; SEN: sensitivity; PRE: precision; BRI: brier

score; AUC: area under curve; SVM: support vector machine; XGB: extreme gradient boosting.

Table 4. Performance of ML models in predicting decline (versus non-decline) in global and domain-specific cognitive outcomes using

stepwise feature addition approach (neuroimaging-derived biomarkers and NPS).

Cognitive Outcomes Samples Step ML model ACC SPE SEN PRE BRI AUC

Attention/Executive

function

1312

(405/907)

1 Decision Tree 0.77 0.42 0.88 0.82 0.16 0.72
2 0.75 0.27 0.91 0.79 0.18 0.64

3 0.77 0.42 0.88 0.82 0.18 0.69

Visuospatial 1317

(612/705)

1 Random Forest 0.62 0.48 0.74 0.63 0.23 0.68

2 0.62 0.47 0.75 0.63 0.22 0.70

3 0.63 0.45 0.78 0.63 0.22 0.72
Language 1322

(503/819)

1 XGB 0.65 0.26 0.89 0.67 0.21 0.72

2 0.66 0.28 0.89 0.67 0.20 0.71

3 0.71 0.38 0.90 0.71 0.19 0.75
Memory 1345

(633/712)

1 QDA 0.70 0.58 0.78 0.73 0.30 0.71

2 0.67 0.67 0.68 0.75 0.20 0.74
3 0.57 0.91 0.34 0.84 0.21 0.73

Global 1290

(524/766)

1 XGB 0.64 0.43 0.79 0.67 0.22 0.67

2 0.64 0.43 0.78 0.66 0.22 0.69

3 0.66 0.45 0.80 0.68 0.21 0.70

Step 1: Using demographic features only; Step 2: adding neuroimaging-derived biomarkers; Step 3: adding NPS. Bold values indicate the best performance.

Samples: total count (increasing/decreasing cognitive outcome measures); ACC: accuracy; SPE: specificity; SEN: sensitivity; PRE: precision; BRI: brier

score; AUC: area under curve; QDA: quadratic discriminant analysis; XGB: extreme gradient boosting.
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global and domain-specific cognitive scores, albeit effect
sizes are small and domain specific. ML models performed
better when NPS was included along with AD neuroima-
ging biomarkers to predict a decline in global cognition,
and language and visuospatial domains. These results are
consistent with findings from Gill et al.22 who report added
advantage of ML with NPS and imaging biomarkers for
future diagnostic predictions (normal controls versus MCI/
AD). Mallo et al.50 also observed that ML algorithms can
predict the risk of conversion from MCI to incident dementia
(AUC: 0.85±0.16) using socio-demographic data and NPS
proxies. Similarly, in a study among patients with
Parkinson’s disease,51 the best performing model to predict
longitudinal cognitive decline included baseline cognition,
CSF-derived biomarkers, and depression and anxiety.

We further observed that the predictive performance of ML
models, including plasma-biomarkers, improved when NPS
were included for the outcome of visuospatial skills and that
the predictive performance of ML models, including
CSF-derived biomarkers improved when NPS were included
for the outcomes of attention/ executive function, language,
and memory. To the best of our knowledge, there is no
other published research that used ML to predict downward
cognitive trajectory when NPS is added to demographic fea-
tures and plasma- or CSF-derived AD biomarkers. Thus, it
is not possible to compare our findings to other studies.

We also observed that for the outcome of language,
adding NPS to ML models, including plasma-derived bio-
markers, improved model specificity, i.e., the model’s
ability to detect true negatives. We also observed similar
improvements in the specificity for ML model including
neuroimaging biomarkers for the outcome of memory
when adding NPS. To evaluate the statistical significance

of AUC improvements, we show the distribution of empir-
ical AUC differences between the models: (1) using demo-
graphic features only, (2) using demographics and CSF (3)
using demographics, CSF and NPS features using the
Neural Net model to predict change in language outcome
in Supplemental Figure 4. It is evident that the distribution
is not Gaussian, which makes DeLong’s test unsuitable.49
Supplemental Tables 2–4 show the p-values of NPS fea-
tures obtained from the Wald test with ordinary least
squares (OLS) model, highlighting that while not all NPS
features contribute significantly, several of them are
indeed non-negligible.

Of note, when only considering AUC, adding NPS to the
models of CSF- and neuroimaging-derived biomarkers,
mainly improved prediction of language as compared to
other cognitive domains. This may be surprising given
that the language domain is generally least sensitive to
early AD pathology. In contrast, memory and attention/
executive function are rather sensitive markers of early cog-
nitive change. Thus, future research utilizing ML models
should particularly examine the potential added value of
NPS in predicting changes in memory and attention/execu-
tive function.

Overall, our research provides preliminary findings that
NPS added to ML models including demographic and AD
biomarker data improves prediction of decline in global
and domain-specific cognitive scores in a large sample of
community-dwelling older adults. This finding may
inform the field of the neuropsychiatry of AD that investi-
gates multiple NPS such as apathy, agitation, depression
etc. as exposure of interest and AD as outcome of interest.
These preliminary findings could have many future direc-
tions: (1) ML modeling aspects may include exploring

Table 5. Performance of ML models in predicting decline (versus non-decline) in global and domain-specific cognitive outcomes using

stepwise feature addition approach (CSF-derived biomarkers and NPS).

Cognitive Outcomes Samples Step ML model ACC SPE SEN PRE BRI AUC

Attention/Executive

function

296

(99/196)

1 Decision Tree 0.73 0.17 0.88 0.81 0.18 0.52

2 0.60 0.50 0.63 0.83 0.17 0.56

3 0.60 0.50 0.63 0.83 0.17 0.56
Visuospatial 294

(151/143)

1 XGB 0.77 0.89 0.58 0.78 0.21 0.72

2 0.77 0.83 0.67 0.73 0.16 0.81
3 0.73 0.83 0.58 0.70 0.16 0.80

Language 296

(125/171)

1 Neural Net 0.60 0.50 0.67 0.67 0.25 0.55

2 0.57 0.42 0.67 0.63 0.25 0.56

3 0.63 0.67 0.61 0.73 0.23 0.65
Memory 299

(164/135)

1 Neural Net 0.77 0.88 0.62 0.80 0.19 0.85

2 0.73 0.76 0.69 0.69 0.19 0.79

3 0.80 0.76 0.85 0.73 0.17 0.85
Global 296

(108/188)

1 Naive Bayes 0.70 0.67 0.70 0.95 0.24 0.72
2 0.67 0.33 0.70 0.90 0.38 0.63

3 0.67 0.67 0.67 0.95 0.25 0.69

Step 1: Using demographic features only; Step 2: adding CSF-derived biomarkers; Step 3: adding NPS. Bold values indicate the best performance. Samples:

total count (increasing/decreasing cognitive outcome measures); ACC: accuracy; SPE: specificity; SEN: sensitivity; PRE: precision; BRI: brier score; AUC:

area under curve; XGB: extreme gradient boosting.

Shah et al. 839

https://journals.sagepub.com/doi/suppl/10.1177/13872877241306654
https://journals.sagepub.com/doi/suppl/10.1177/13872877241306654


model uncertainties and imputation for missing data, and
(2) from a clinical aspect, more research on the relevant fea-
tures for clinical interpretations may be warranted. One
must also acknowledge the inherent complexity of
ML-based algorithms in comparison to traditional statistical
models (e.g., multi-variate regression) that are widely used
in research on NPS in the context of brain aging and AD
research. Hence, understanding how a model makes predic-
tion, and interpretation on which predictors are most
informative in distinguishing between participants who
experience cognitive decline over time compared to those
who do not, would be of value. To this end, Lundberg
et al.52 proposed a post-hoc model interpretability algorithm
SHapley Additive exPlanations (SHAP), using additive
attribution to calculate which features contribute most to a
model’s predictions. Using SHAP in the future, we plan
to further interrogate the features contributing to cognitive
decline, and particularly the additional role of NPS for a
deeper clinical understanding.

The strength of this study is that we used a large dataset
containing information on different AD biomarker modalities,
NPS, and cognitive trajectories among community-dwelling
adults aged 50 years and older who are enrolled in the
Mayo Clinic Study of Aging. To the best of our knowledge,
this is one of the first studies to apply an ML-based approach
in a sample of community-dwelling older adults to predict
downward cognitive trajectory using NPS and AD biomarkers
derived from neuroimaging, CSF, and plasma.

Limitations of our study pertain to the fact that we used
traditional ML methods rather than advanced ML algo-
rithms such as deep neural networks that are known to out-
perform traditional ML methods and even humans, e.g., in
specific image analysis tasks.21 These networks perform
automatic feature extraction as opposed to most ML
methods. Supplementing imaging data with clinical infor-
mation can significantly improve diagnostic performance
with deep neural networks.53 In this study, we only used
two neuroimaging measures derived from FDG and
PiB-PET scans which can limit performance of ML
model. At the same time, lumping together FDG and
PiB-PET scans may also be considered a limitation itself,
since they measure different brain changes due to AD,
i.e., FDG-PET assesses abnormalities in brain glucose
metabolism, and PiB-PET assesses cortical amyloid depos-
ition. Thus, future work should focus on developing a deep
learning-based model leveraging raw neuroimaging data
and NPS to improve prediction of trajectories in cognitive
outcomes, and should preferably only combine neuroima-
ging modalities that measure the same pathophysiological
changes related to AD. Furthermore, behavioral traits
such as anxiety and impulsivity are inherently subjective
and may vary across different populations thereby limiting
the generalizability of our findings. However, we used vali-
dated scales such as NPI-Q, BDI-II and BAI that take such
measurement challenges into account. Nevertheless, it must

be noted that collecting NPS via self-reported questionnaire
from the individual or a caregiver might be biased by social
desirability. In addition, it is important to note that no par-
ticular ML model outperforms in each experiment. This is
mainly due to different sets of assumptions made by each
model about the training data distribution, resulting in
inductive bias.54 Therefore, there is a need for further
exploration of different models that can make robust predic-
tions across different experiments. Vascular and other
medical comorbidities may have an impact on cognitive
decline in our study sample. However, we did not include
medical comorbidities as confounding variables in our
current analyses. We plan to build on this study to examine
the potential impact of vascular risk factors (ATN-V model)
in similar models in the future. We also note few limitations
pertaining to our study settings: (1) Only a small portion of
the sample had CSF data available (refer to Table 5) which
can limit ML models’ predictive performance; (2) our study
sample is relatively highly educated, wealthy, and less ethnic-
ally diverse - about 99% of our study participants are White.
Although it has been shown that data from Olmsted County
are generalizable to the population of Minnesota and the
upper Midwest,55 our findings may not apply to the overall
U.S. population; (3) the plasma biomarker field is rapidly
advancing and utilizing ML models in analyzing plasma bio-
marker data measured on new assays/ platforms will be
needed; (4) only categorical outcomes (decline/non-decline
in cognitive trajectories) were used here, and we did not
examine whether declines were clinically meaningful. Thus,
future ML models should also explore the possibility of
incorporating continuous cognitive test outcomes to provide
more information about the quantitative nature and degree of
cognitive decline over time.

In conclusion, the results of our study provide prelimin-
ary findings of a potential added value of considering NPS
information along with AD biomarkers and demographic
features in predicting decline in cognitive trajectories
among community-dwelling adults aged 50 years and
older by using a ML-based approach, albeit effect sizes
are small. More research is needed to confirm these prelim-
inary observations, which may have implications for clin-
ical practice and further support the importance of a
thorough neuropsychiatric assessment, and potential treat-
ment of NPS, among older adults at risk for cognitive
impairment and/ or with known AD biomarker abnormality.
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