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Background: Higher fitness levels have been reported to protect against Alzheimer’s Disease and Related Demen-
tias (ADRD). However, the association between changes in fitness over time and ADRD risk remains unknown.
This study aims to identify clusters of metabolic equivalents (METSs) trajectories and examine their correlation

gajicwry with incident ADRD.
uster . . . . .
Analysis Methods: A retrospective cohort study was conducted among Veterans with >3 standardized exercise treadmill

tests (ETT) between 2000 and 2017. The exposure was change in fitness expressed in metabolic equivalents
(METs). METs are based on treadmill speed, grade, and time. One MET is equivalent to 3.5 ml per kg of body
weight per minute. The outcome was incident ADRD after the final ETT test, identified by diagnosis codes.
Standardized METs scores were generated using mean and standard deviation for each age and sex stratum.
Latent class growth analysis (LCGA) identified trajectory clusters. We assessed the association between clusters
and ADRD using unadjusted Kaplan-Meier curves (overall and by age groups) and a multivariate Cox regression
model adjusted for baseline characteristics at the first ETT.

Results: A total of 75,851 veterans were included. The average number of ETTs was 4.0 + 1.8, with the average
time gap of 6.5 + 3.8 years between first and last test. We identified five trajectory clusters: Group 1 (n = 22,485),
Group 2 (n = 22,694), Group 3 (n = 6691), Group 4 (n = 19,386), and Group 5 (n = 4595). All groups, except for
Group 3, showed a stable and slight improvement or decline over time, differing only in their initial standardized
METs scores: Group 5 had the highest initial score, Group 1 had the lowest initial score, while Group 3 started
out with a score almost as high as Group 4 and dropped to as low as Group 1. Compared to Group 1, Group 3 had
a 12 % reduced risk of developing ADRD (HR = 0.88; 95 % CI: 0.77 — 1.01; p = 0.0660), with a greater reduction
than Group 2 (10 %) but less than Group 4 (17 %) or Group 5 (24 %).

Discussion: Our findings underscore the potential benefits of maintaining fitness to reduce the risk of ADRD with
age. Although declining fitness levels are associated with an increased risk, the initial higher baseline fitness
provides a degree of ongoing protection against ADRD.

1. Introduction The Lancet Commission identified 14 potential risk factors [4]. The

National Institute on Aging has identified physical activity as the only

Alzheimer’s Disease and Related Dementias (ADRD) affect millions
of patients globally and are a major public health concern [1]. ADRD not
only cause decline in cognitive and functional abilities of the individu-
als affected but also place considerable emotional and financial strain
on their families and caregivers [2,3]. Given the widespread impact of
ADRD, there is a pressing need to explore preventive strategies.

lifestyle intervention with strong evidence of mechanistic plausibility to
prevent ADRD [5]. Extensive research aimed at understanding and pre-
venting ADRD has revealed a promising link between cardiorespiratory
fitness and a reduced incidence of dementia [6-9]. These studies suggest
that higher fitness levels may be protective against the onset of ADRD.
However, there is a lack of studies on the association between changes
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in the trajectory of an individual’s cardiorespiratory fitness (CRF) over
time and the risk of developing ADRD. CRF refers to the ability of the
circulatory and respiratory systems to supply oxygen to skeletal muscles
during sustained physical activity. VO2 max is the gold standard for as-
sessing cardiorespiratory fitness. However, directly assessing VO2 max
is labor-intensive and cost prohibitive to use in large populations such
as hospital/clinical settings. Thus, cardiorespiratory fitness is estimated
by standardized exercise treadmill protocols using treadmill speed, ele-
vation and time and is expressed in peak metabolic equivalents (METs;
1 MET=3.5 ml/kg of body weight/minute) [10].

In examining the relationship between CRF and ADRD, it is impor-
tant to utilize accurate and objective measures. Many existing studies
focus on exercise and depend on self-reported data [11-13]. These are
prone to multiple biases including variations in exercise patterns, effort
expended, and recollection. In this study we used METs obtained from
rigorous stress tests as an objective, precise measure of cardiorespiratory
fitness. For our research, we analyzed the trajectories of METs from a
longitudinal database to capture changes in fitness levels.

The methodology of trajectory analysis involves categorizing METs
changes into patterns that can be analyzed statistically [14]. Tradition-
ally, these patterns are often predefined by experts and might include
linear increases or decreases, or more complex U-shaped or non-linear
trends over time [15,16]. However, our study adopts a machine learn-
ing unsupervised clustering approach which allows the use of data only,
without expert knowledge, to determine the most natural grouping of
trajectories based on inherent similarities among individual patterns
[17]. This technique enhances the objectivity of the analysis by min-
imizing potential biases that might arise from imposing preconceived
categories.

The primary objective of our study is to identify distinct clusters of
individuals based on their MET trajectories and to investigate how these
clusters correlate with the risk of developing ADRD. By understanding
these relationships, we aim to pinpoint specific trajectory patterns asso-
ciated with higher risks. The goal is to leverage these insights to develop
targeted interventions that can modify MET levels and potentially re-
duce the incidence of ADRD, thereby alleviating its burden on patients,
families, and healthcare systems worldwide.

2. Methods
2.1. Study design and population

We conducted a retrospective cohort study using the Veterans
Health Administration (VHA) Clinical Data Warehouse (CDW) database,
which contains US national electronic health records of Veterans.
The study received VHA'’s Central Institutional Review Board approval
(IRBNET#1576,748-1). This study focused on Veterans who completed
at least one ETT during 2000-2017 with results of valid METs values
between 2 and 24 from the unstructured clinical notes. Veterans were
excluded if they were under 30 or over 95 years old, had baseline of
ADRD or severe mental illness, or were not VA health care users. While
ADRD is typically diagnosed after age 50, early onset can occur in a per-
son’s 30 s [16,18]. Given the considerable number of younger patients in
the database, we used age 30 as the cutoff for cohort selection. We also
excluded those with follow-up of 1 year or less, conditions such as >20
METs at age of >50 years, weight >450 pounds, body mass index (BMI)
<18.5 kg/m?, coronary revascularization, myocardial infarction, heart
failure, pacemaker use, and/or inconsistent death dates. The final co-
hort included Veterans >3 exercise treadmill tests (ETTs) between 2000
and 2017, with each test separated by at least one year.

2.2. Exposure and outcome
Longitudinal METs were the exposure, which were extracted from

ETT data via a validated Natural Language Processing (NLP) tool [7].
Because METs were highly related to and influenced by age and sex,
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Table 1

Mean and standard deviation (SD) of METs by age group and sex.
Age (years) Mean METs SD METs
Female (N = 3057)
30-39 (n = 266) 8.2 3.2
40-49 (n = 882) 7.8 2.8
50-59 (n = 1237) 7.1 2.6
60-69 (n = 506) 6.4 2.3
70-79 (n =121) 5.6 2.1
80+ (n = 45) 4.7 1.6
Male (N = 72,794)
30-39 (n = 1578) 10.0 3.5
40-49 (n = 6970) 9.4 3.2
50-59 (n = 23,871) 8.3 3.0
60-69 (n = 28,055) 7.3 2.7
70-79 (n = 10,109) 6.6 2.5
80+ (n = 2211) 5.8 2.3

we generated standard METs scores within each age and sex stratum to
remove heterogeneity caused by aging and sexual difference, using the
formula as below:

standardized M ET's
_ METs — MeanM ET'sofCorreponding AgeGroupand Sex
" Standard Deviationof M ET so f Correponding AgeGroupand Sex
+2.4

The mean and standard deviation (SD) of METs by age group and
sex are shown in (Table 1).

Incident ADRD diagnoses were the outcome identified using Interna-
tional Classification of Diseases 9/10-Clinical Modification (ICD-9/10-
CM) codes. At least two encounters with ADRD diagnosis codes were
required to confirm the ADRD diagnoses [7]. To guarantee there was no
time overlapping between exposure and outcome, we only used histori-
cal METs measures which occurred at least one year before the outcome
or censoring date to generate the trajectory of standardized METs. Time
to event was calculated from the first ETT to the first diagnosis of ADRD.
The follow-up began with the first ETT, as our hypothesis was that not
only the METs trajectory but also the initial METs level would be asso-
ciated with the outcome. Patients who did not develop ADRD were cen-
sored at death, last encounter date, or December 31, 2018, whichever
occurred first.

2.3. Covariates

Baseline covariates included demographics, chronic comorbid con-
ditions, and concurrent medications. Demographics were self-reported
data recorded in the VHA databases. Chronic comorbid conditions were
confirmed using ICD-9/10-CM codes from outpatient and inpatient
records. Concurrent medications were identified from the data of pre-
scription history within 1 year before the first ETT test (including the
first ETT test). All data were at the individual level, except for the in-
come data, which was median income data at the zip code level based
on the census data [19]. For variables that have missing values, we used
‘unknown’ as a category instead of simply excluding observations.

2.4. Statistical analysis

Latent class growth analysis (LCGA) is a semiparametric technique
to identify distinct clusters of individuals who are similar in terms of
their trajectory of a time-repeated measure [20,21]. LCGA models were
fitted on historical METs from the first ETT test up to the test at least
one-year before the outcome date. Although we may have the maximum
of 19 years follow-up between the first and last ETT test of the speci-
fied period, we used the METs data up to the 15th year after the first
METs because we didn’t have enough sample size after that, which may
otherwise render the estimates inaccurate and unreliable. Since no indi-
viduals had a complete METs history of 15 years or METs measure every
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US Veterans who completed at least an exercise treadmill test
(ETT) during the years between 2000-2017 and achieved a peak
MET level 2.0-24.0 (n=855,441)

Excluded:
Age <30 or >95 years at the first ETT (N=12,823)
ADRD diagnosis prior to ETT(N=22,633)
Severe mental iliness or other dementias prior to ETT (N=55,402)
No primary care at VA facility in 2 years prior to ETT (N=8,422)
Age 250 years with peak METs 220 METs (N=131)

Follow-up <1 year (N=33,264)
Bodyweight > 450 Ibs or BMI <18.5 kg/m?2 (N=8,340)

month prior to ETT and 3 months post ETT (N=28,291)
Implantable pacemaker (N=11,746)
Inconsistent death date (N=213)

Cohort (N=649,605) l

every two tests at least one year apart (N=573,754)

‘ Final Cohort (N=75,851) }

year, and the LCGA method tolerates incomplete longitudinal data, we
used only available METs measures. We then classified individuals into
joint trajectory groups of standardized METs over time.

We fit models with an increasing number of clusters from 1 to n,
and selected the optimal number of clusters satisfying two conditions:
1) Bayesian Information Criterion (BIC) with lower values indicating a
better fitting model; [22] and 2) the estimated average posterior prob-
abilities of cluster membership in each trajectory class >0.7 [23]. After
selecting the optimal number of clusters, an individual was assigned to
the trajectory cluster to which they were most likely to belong based
on the posterior membership probabilities given their observed METs
history.

We compared the patient characteristics at the first ETT test across
trajectory clusters. Means and SDs were reported for continuous vari-
ables, and numbers and proportions were reported for categorical vari-
ables. We evaluated the association between clusters and ADRD by un-
adjusted Kaplan-Meier curves. Similarly, we also plotted Kaplan-Meier
curves in subgroups by age to evaluate the robustness of the association.
Finally, we fit a multivariate Cox regression model of ADRD using clus-
ter membership as an exposure with adjusting for all other covariates
including demographics, chronic comorbid conditions, and concurrent
medications.

We set two-tailed p-value at 0.05. All analyses were conducted in
SAS 9.2. All VHA data are saved in the VA Informatics and Computing
Infrastructure (VINCI) system, which is not sharable for public use.

3. Results
3.1. Baseline characteristics

We initially identified 855,441 Veterans who completed at least one
ETT during 2000-2017 with results of valid METs value between 2.0
and 24.0. After executing the inclusion/exclusion criteria, we obtained
a final cohort of 75,851 veterans who had at least 3 ETTs with every
two tests at least one year apart. (Fig. 1)

A total of 75,851 Veterans were included in the study. The aver-
age follow-up duration was 11.3+4.1 years, with a median follow-up

Coronary revascularization in 3 months after ETT (N=24,570)
Myocardial infarction and/or heart failure diagnosis in the period of 1
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Fig. 1. Flowchart of Cohort Selection.

Exclude Veterans not satisfying the criteria of having at least 3 ETTs with

of 11.0 years and first quartile to third quartile the range of 8.1-14.6
years. Average number of ETTs was 4.0+1.8, with the mean gap be-
tween first and last tests of 6.5+3.8 years. We identified five trajectory
clusters (Group 1: n = 22,485; Group 2: n = 22,694, Group 3: n = 6691;
Group 4: n = 19,386; Group 5: n = 4595) in LCGA models according to
the specified selection rule. As shown in Fig. 2, x-axis indicates years
from the first ETT, y-axis indicates standardized METs, and trajectories
indicate the mean of standardized METs of each cluster. All groups ex-
cept for Group 3 shared a similar trajectory pattern, stable with slight
improvement or decline over time, with the only difference being in
the first standardized METs value at Year 0. However, Group 3 declined
substantially from a relatively high to low METs.

We compared patient characteristics at the first ETT between the
five groups (Table 2). The average METs scores were 4.7+1.5, 7.2+1.7,
10.1+1.8,10.3+1.8, and 12.9+2.0 for Groups 1 through 5, respectively.
Group 1 were oldest with mean age of 61 years, followed by Group 2
and 5 with mean age around 60 years, and Group 3 and 4 with mean
age of 59 years. Except for more Hispanics in Group 3, the sex and race
distribution in the 5 groups were similar. A higher proportion of patients
living in rural areas was in Group 4, while it was lower in Groups 1 and
5. From Group 1 to Group 5, there was a trend of increasing proportion
of patients who were married, had higher income, demonstrated higher
CREF level, lower BMI value, and had fewer comorbid conditions or were
under medicine treatment.

3.2. Incidence of ADRD

Among 75,851 Veterans, 5736 (7.6 %; 6.7 per 1000 person-years)
developed ADRD during the follow-up period: Group 1 (8.3 %; 8.0 per
1000 person-years), Group 2 (8.0 %; 7.1 per 1000 person-years), Group
3 (7.6 %; 6.1 per 1000 person-years), Group 4 (6.5 %; 5.4 per 1000
person-years), and Group 5 (6.1 %; 5.1 per 1000 person-years).

3.3. Kaplan Meier curves

Compared to group 4 with similar baseline standardized METs as
Group 3, the probability of ADRD-free survival was significantly lower
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Standardized METs Fig. 2. Joint Trajectory Clusters.
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Table 2
Patient Characteristics at the First ETT.

Group 1 Group 2 Group 3 Group 4 Group 5

n = 22,485 n= 22,694 n = 6691 n=19,386 n = 4595

Mean/N SD/ % Mean/N SD/ % Mean/N SD/ % Mean/N SD/ % Mean/N SD/ %

Original METs 4.7 1.5 7.2 1.7 10.1 1.8 10.3 1.8 12.9 2.0
Standardized METs 1.3 0.5 2.2 0.6 3.3 0.6 3.4 0.6 4.5 0.7
Age 61.2 10.0 60.7 10.0 59.0 9.4 59.1 9.7 60.4 9.7
Sex F 930 4.1 % 953 4.2 % 255 3.8% 711 3.7 % 208 4.5 %
M 21,555 95.9 % 21,741 958% 6436 96.2 % 18,675 96.3% 4387 95.5 %
Race White 17,203 76.5 % 17,171 75.7 % 5156 77.1 % 14,639 75.5 % 3501 76.2 %
Black 3630 16.1 % 3679 16.2 % 1045 15.6 % 3026 15.6 % 558 12.1 %
Others 540 2.4 % 560 2.5% 174 2.6 % 529 2.7 % 154 3.4%
Unknown 1112 4.9 % 1284 5.7 % 316 4.7 % 1192 6.1 % 382 8.3%
Ethnicity Non-Hispanics 20,623 91.7 % 20,669 91.1% 6023 90.0 % 17,492 90.2% 4102 89.3 %
Hispanics 1100 4.9 % 1073 4.7 % 451 6.7 % 1046 5.4 % 256 5.6 %
Unknown 762 3.4% 952 4.2 % 217 3.2% 848 4.4 % 237 5.2 %
Marital Status Married 10,977 48.8 % 12,074 53.2% 3627 54.2 % 11,356 58.6 % 2754 59.9 %
Divorced\Single\Widowed 11,499 51.1 % 10,594 46.7 % 3063 45.8 % 7971 41.1 % 1824 39.7 %
Unknown 9 0.0 % 26 0.1 % 1 0.0 % 59 0.3 % 17 0.4 %
Living Area Urban 16,708 74.3 % 15,784 69.6 % 4590 68.6 % 13,084 67.5 % 3325 72.4%
Rural 3172 141 % 4074 18.0 % 1206 18.0 % 3875 20.0% 697 15.2 %
Unknown 2605 11.6 % 2836 125% 895 13.4% 2427 12.5% 573 12.5%
Income 1st Quartile 5144 22.9% 5129 22.6 % 1555 23.2% 4264 22.0 % 866 18.8 %
2nd Quartile 5323 23.7 % 5385 23.7 % 1620 24.2 % 4477 231% 894 19.5 %
3rd Quartile 5670 25.2 % 5608 24.7 % 1687 25.2% 4654 24.0 % 1104 24.0 %
4th Quartile 6183 27.5% 6359 28.0 % 1777 26.6 % 5834 30.1 % 1697 36.9 %
Unknown 165 0.7 % 213 0.9 % 52 0.8 % 157 0.8 % 34 0.7 %
Age-sex-specific CRF Lowest 12,395 55.1 % 1775 7.8% 25 0.4 % 149 0.8 % 15 0.3 %
Low 7561 33.6 % 5515 243% 87 1.3% 373 1.9% 16 0.3 %
Moderate 1978 8.8 % 9796 43.2 % 825 12.3 % 1340 6.9 % 38 0.8 %
High 502 2.2% 5105 225% 3182 47.6 % 8277 42.7 % 123 2.7 %
Highest 49 0.2 % 503 2.2 % 2572 38.4 % 9247 47.7% 4403 95.8 %
BMI 30.0 6.1 29.6 5.1 28.8 4.5 28.4 4.2 26.9 3.5
Comorbidities Anemia 4033 17.9 % 2821 124% 625 9.3% 1723 8.9 % 383 8.3 %
Arthritis 8977 39.9 % 7874 347 % 2185 327 % 5779 29.8 % 1348 29.3 %
Cancer 6019 26.8 % 5055 22.3 % 1192 17.8 % 3301 17.0% 850 18.5%
Chronic Kidney disease 1864 8.3% 1171 5.2 % 290 4.3 % 645 3.3% 123 2.7 %
Depression 7106 31.6 % 6518 28.7 % 1884 28.2% 4955 25.6 % 1081 23.5%
Diabetes 8174 36.4 % 7283 321 % 1908 28.5 % 4449 229% 700 15.2 %
Hypertension 17,181 76.4 % 17,151 75.6 % 4816 72.0 % 13,192 68.0 % 2792 60.8 %
Hyperlipidemia 15,293 68.0 % 16,103 71.0% 4588 68.6 % 13,365 68.9 % 3117 67.8 %
TBI 296 1.3% 212 0.9 % 56 0.8 % 171 0.9 % 42 0.9 %
Asthma/COPD 6144 27.3% 4507 19.9 % 1153 17.2% 2674 13.8 % 573 12.5%
Cardiovascular Diseases 10,794 48.0 % 11,745 51.8% 3423 51.2 % 9592 49.5 % 2149 46.8 %
Medicines Statins 12,498 55.6 % 13,250 58.4% 3754 56.1 % 10,526 54.3 % 2354 51.2%
Hypoglycemics 6767 30.1 % 5768 25.4 % 1461 21.8 % 3193 16.5% 455 9.9 %
Cardiac/antihypertensives 16,956 75.4 % 17,554 77.4 % 5096 76.2 % 13,718 70.8 % 2903 63.2 %
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ADRD Risk by Standardized METS Score Trajectory Cluster
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Fig. 3. Unadjusted Kaplan Meier in the Overall.
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for those in Group 3. However, Group 3 continued to perform better
than the groups (Group 1 and 2) that had lower baseline and equivalent
endpoint standardized METs. This pattern was consistent in both overall
and age-specific subgroups (Fig. 3 and 4).

3.4. Unadjusted and multivariable adjusted cox regression models

In both unadjusted and adjusted Cox Regression models, the results
confirmed what we observed from the Kaplan Meier curves (Fig. 5).
Using Group 1 as the reference group, Group 3 had a 12 % lower risk of
developing ADRD (HR = 0.88; 95 % CI: 0.77 — 1.01; p = 0.0660) after
adjusting for all other covariates. In comparison, Group 2 reduced the
risk by 10 %, Group 4 by 17 %, and Group 5 by 24 %.

4. Discussion
4.1. Significance

Prevention and management of ADRD remain challenging, as neu-
rodegenerative conditions are inexorably progressive. Any measures
that may slow cognitive decline are welcome. Up until recently, only
symptomatic medications were approved for Alzheimer’s disease — the
most common cause of dementia within the ADRD spectrum [24].
Currently, three disease-modifying anti-amyloid monoclonal antibod-
ies have been approved by the United States Food and Drug Admin-
istration [25,26]. Their benefit, though welcome, is limited, and they
carry a notable risk of severe complications requiring close monitoring
and management. Non-pharmacological strategies have been proposed
with mixed results [27,28]. Nonetheless exercise is believed to have the
strongest supportive data [29]. However, accurately measuring the im-
pact of exercise in epidemiological studies is challenging. Even when
performed under controlled conditions in randomized controlled trials,
the level of effort expended in any session can vary from day to day.
Measuring cardiorespiratory fitness using METs can provide a reliable
common currency of health level and risk of ADRD across locations and
populations.

Several studies have explored the potential benefits of CRF for health
in general and against ADRD specifically [7,30]. CRF is “one of the most
important correlates of overall health status and a potent predictor of an

individual’s future risk of cardiovascular disease.”[31] CRF more pow-
erfully predicts risk for adverse health outcomes than traditional risk
factors such as hypertension, smoking, obesity, and lipid abnormalities.
CREF is also associated with reduced mortality [32].

Several factors affect CRF including genetics, sex, and age. Exercise
is the only modifiable factor that can improve CRF. In a prior study, we
demonstrated a graded inverse relationship of incidence of ADRD with
CREF level in a large population of veterans followed up to 20 years [7].
Our goal in this study was to determine if a decline in CRF to a lower
fitness group resulted in acquisition of the same ADRD risk as the lower
fitness group or maintained some level of protection.

In this study we applied LCGA, an unsupervised machine learning
approach, to identify trajectory clusters of standardized METs changes.
Identifying these clusters may help clinicians understand the course of
fitness change and its relation to ADRD risk, which can be used to de-
velop more targeted interventions for delaying the onset of ADRD. We
identified five distinct trajectory patterns of standardized METs. Among
these, four patterns exhibited little change over time, indicating that,
after adjusting for age and sex, these groups maintained consistent fit-
ness levels—whether relatively high or low. Conversely, only one group
(Group 3), accounting for 8.8 % of the total study population, demon-
strated a noticeable decline in fitness levels over the years, even with
adjustments for age and sex.

Consistent with previous research, the groups that maintained higher
fitness levels were associated with a lower incidence of ADRD [7].
The group with declining fitness levels showed a higher risk of de-
veloping ADRD compared to those with similar baseline levels who
maintained consistent fitness levels. Importantly, this group still exhib-
ited a lower risk than those with both lower baseline and equivalent
endpoints.

4.2. Implications

Our findings underscore the potential benefits of sustaining one’s fit-
ness level to mitigate the risk of ADRD as one ages. Additionally, having
a higher level of fitness in middle to older ages (the average baseline age
in the groups ranged from 59-61 years old) appears to offer protective
benefits. While a decline in fitness level is linked with an increased risk,
the initial higher baseline fitness provides a degree of ongoing protec-
tion against ADRD.
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ADRD Risk by Standardized METS Score Trajectory Subgroup of Age 30-49
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ADRD Risk by Standardized METS Score Trajectory Subgroup of Age 50-59
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Fig. 4. Unadjusted Kaplan Meier in different age-specific subgroups.

4.3. Limitations

The majority of participants in our initial MET cohort were male and
underwent fewer than three stress tests, which limited our sample size
and may impact the generalizability of our findings. The performance of
clustering can be evaluated by various metrics, which introduces chal-
lenges in standardizing and comparing outcomes across studies. While
clustering analysis benefits from its unsupervised nature - reducing bias
from predefined categories - it also lacks a reference standard. Calcu-
lating the amount of decline or the cut-off that determines an increased
risk of dementia were outside the scope of this study. In addition, our

study may have limited generalizability, as Veterans in our cohort are
predominantly male.

4.4. Future work

In future research, we aim to incorporate social determinants of
health and genetic markers to enhance our analyses. Additionally, we
plan to utilize biomarkers of ADRD to refine the phenotyping process.
By integrating these factors, we hope to better understand the complex
interactions that contribute to ADRD risk and develop more targeted
prevention strategies.
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5. Conclusion

These findings indicate that a decrease in CRF increases risk of ADRD
and starting at a higher CRF offers protection, even if CRF subsequently
declines. Prospective, longitudinal, biomarker-based studies are needed
to validate our findings.
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