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METHODS: Medical Information Mart for Intensive Care-1V electronic health records
from 2008 to 2019 were examined. The study identified 2527 AD patients (34.9%
male, mean age 80.27 years) among 299,712 patients. We examined the timing of 12
cardiovascular and metabolic diseases relative to AD diagnosis. Data from the National
Alzheimer’s Coordinating Center validated the findings.

RESULTS: Hypertension was the most common comorbidity, diagnosed 1.09 years
before AD. Depression was the only comorbidity diagnosed after AD start, 0.16 years
on average. AD patients had greater rates of hypertension, hypercholesterolemia, and
depression compared to the general population.

DISCUSSION: The findings emphasize early detection and therapy of AD-related
comorbidities, notably cardiovascular and metabolic diseases. The temporal link
between these diseases and AD suggests opportunities for preventive strategies and
improved care pathways.
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Highlights

* Temporal analysis of comorbidities: The study reveals hypertension and hyperlipi-
demia as leading precursors to AD, typically diagnosed 1 to 1.3 years prior to AD
onset, while depression emerges predominantly after diagnosis.

* Unique data integration: Large-scale datasets from MIMIC-IV (nh = 299,712) and
NACC (n = 51,836) were leveraged to identify chronological patterns in 12 key

comorbid conditions relative to AD diagnosis.
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Sex- and age-specific insights: AD prevalence peaks at 80 to 86 years, with females
exhibiting higher rates of LOAD compared to males.

Depression as a post-diagnostic marker: Unlike other comorbidities, depression’s
post-diagnostic mean onset (0.16 years after AD diagnosis) highlights the need for
targeted mental health interventions in AD patients.

Implications for early detection: Findings suggest that managing hypertension,
hyperlipidemia, and other modifiable conditions in midlife may delay or reduce the
risk of AD development.

Comorbidity variability across cohorts: Hypertension and hypercholesterolemia
showed significantly higher prevalence in the NACC cohort compared to MIMIC-1V,
reflecting potential dataset-specific biases or regional healthcare differences.
Future research directions: Advocates for longitudinal, multiethnic, and global stud-
ies to refine early diagnostic criteria and explore preventive strategies tailored to
comorbid conditions.

1 | BACKGROUND

Alzheimer’s disease (AD) is a degenerative neurological disorder that
progressively damages the brain and is the leading cause of demen-
tia, especially in older individuals.2=3 It is characterized by a decline
in cognitive functions, including memory, problem-solving skills, lan-
guage, and perceptual abilities.*”” The hallmark pathological features
of AD include the accumulation of amyloid beta (Af) plaques and tau
protein tangles in the brain.>~7 The tau protein builds up in the long,
slender projections of neurons and in the main body of these cells,
where it creates solid, insoluble clumps or structures called intracellu-
lar aggregates or inclusion bodies, specifically known as neurofibrillary
tangles (NFTs).8? The accumulation of proteins, particularly in astro-
cytes, disrupts cell function and eventually leads to cell atrophy and
death.19-1¢ This study aims to offer a unique perspective on the factors
that contribute to AD, transcending the confines of tau and amyloid
plaque investigations.

The etiology of AD is not entirely understood; however, it is hypoth-
esized to occur from a combination of biological, environmental, and
behavioral determinants, the most prominent of which is age.r”~2° |t
is a chronic condition that includes extended periods of preclinical and
prodromal (also referred to as mild cognitive impairment [MCIl]) stages
lasting up to 20 years, followed by a typical clinical duration of 8 to 10
years.2! Early-onset AD (EOAD) typically presents in individuals under
the age of 65 and has distinct patterns of progression in comparison to
late-onset AD (LOAD), which is more common in older adults.’”-?2 The
iliness is estimated to affect approximately 10% to 30% of individuals
who are at least 65 years old, with an average occurrence rate of 1% to
3% annually.2® The majority of individuals diagnosed with AD (>95%)
exhibit a sporadic variant, which is distinguished by late onset (80 to 90
years old) and is caused by the inability to effectively remove the Ag
peptide from the brain’s space.?* A family history of AD also increases

the risk.2>2¢ Additionally, genetic factors have been identified as risk

contributors.2”-2? To date, genetic research has identified almost 100
risk loci for this disease, contributing to an increased risk of AD onset,
with variable effect sizes.3%31

It is estimated that over 55 million people worldwide are living with
dementia, with AD accounting for 60% to 70% of these cases.3232 This
number is expected to increase rapidly as the global population ages,
potentially reaching 82 million by 2030 and 152 million by 2050.3*
The disease not only affects those who are diagnosed but also places
a heavy burden on caregivers and healthcare systems. This leads to
significant healthcare costs and social implications, as people with AD
require increasing levels of care and support as the disease progresses.
While the therapeutic research pipeline for AD is progressing with
the development of medicines that target several mechanisms, there
is presently no cure for AD.%°-37 Treatment generally focuses on man-
aging symptoms and improving the quality of life for patients and
their caregivers including medications to address memory decline and
other cognitive symptoms, as well as therapies to assist with mood and
behavior management.38-40 Research is ongoing to better understand
AD and find effective treatments.

The analysis of this study is grounded in hypotheses pertaining to
the mechanisms of neurodegeneration and the process of aging, exam-
ining AD through biological components such as health and molecular
changes, and centering on fundamental inquiries, such as the fol-
lowing: What are the key diagnostic events related to AD? When
do they transpire over the patient’s medical history? What action-
able insights may be obtained from large-scale patient trajectories for
the benefit of healthcare professionals and patients? Gaining a com-
plete understanding of these distinctions is crucial to create effective
treatments and intervention strategies that are specifically designed
to meet the unique requirements of each patient. Thus, a compre-
hensive approach to studying patients’ complete medical history in
relation to AD enables a more in-depth understanding of disease
progression.
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2 | METHODS

The main data used in this project were acquired via the Medical
Information Mart for Intensive Care (MIMIC)-IV database version
2.2.4142 This database contains anonymized electronic health records
(EHRs) of patients who were admitted to the Beth Israel Deaconess
Medical Center (BIDMC) in Boston, Massachusetts. The MIMIC-IV
dataset consists of patient data from 2008 to 2019, containing infor-
mation on (N = 299,712) individuals, (n = 431,231) admissions, and
(n=73,181) intensive care unit (ICU) stays. The patient table contains
time-related information for each patient, indicated by the anchor year
and anchor year group columns. “Anchoring” is the method used by the
MIMIC-IV to protect patient data, maintain patient privacy, and enable
researchers to estimate the year in which the patient received medi-
cal care without giving the exact year. Anchor age refers to the age of
the patient in their anchor year, which is a predetermined future time
used for patient deidentification. If the patient’s age exceeded 89 years
in the anchor year, that patient’s anchor age was adjusted to 91. This
means that all patients older than 89 years were categorized into a sin-
gle group with an anchor age of 91 years, regardless of their actual age.

The MIMIC-IV comprises data acquired from two separate clini-
cal information systems: CareVue and MetaVision.*? The MIMIC-IV
is divided into two modules: the hospital and ICU. The purpose of
these modules is to capture the data’s origin or source. This study
focused primarily on the hospital module, utilizing patient demo-
graphics, hospitalization admission, prescription medicine, and online
medical record data. The statistical programs/languages employed
were R version 2024.04.2 + 764 for conducting comorbidity anal-
yses, general data handling, and producing graphs. Jamovi Desktop
2.4.12 was used to evaluate patient demographics. The extraction of
symptomatic data, medication, and diagnostic events relevant to AD
diagnosis was performed utilizing structured code and search term
encoding for diagnostic code descriptors, specifically utilizing disease
descriptor titles. Researchers have conducted online training to carry
out researchinvolving patient EHRs, with the data or samples managed
exclusively via PhysioNet*® Credentialed Health, Data Use Agree-
ment 1.5.0 for MIMIC-IV version 2.2. The entirety of deidentified
patient data was securely stored and handled on the University Col-
lege London (UCL) OneDrive platform. All methods were carried out in
accordance with relevant guidelines and regulations in full compliance
with UCL’s Code of Conduct for Research throughout the research
lifecycle and in accordance with the Declaration of Helsinki.

To capture diagnostic occurrences across the medical history of
AD patients in the MIMIC-1V, we identified and assessed all concur-
rent patient diseases, disease events, and diagnoses categorized under
International Classification of Disease (ICD) versions 9 and 10. The
AD patient data were further evaluated to find the most prevalent
comorbidity by the ICD code, frequency, percentage of prevalence,
and ICD version in descending order. A decision was made to refrain
from mapping ICD-9 codes to ICD-10 codes to maintain medical
record consistency and diagnostic accuracy. The ICD-10 provides more
detailed descriptors for AD than the ICD-9 does. Codes for other
types of dementia were excluded from the comorbidity analysis, as
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RESEARCH IN CONTEXT

1. Systematic review: This study builds upon prior research
examining the multifactorial etiology of AD, including its
hallmark neuropathological features (Ag plaques and tau
tangles) and its association with various comorbidities.
While previous studies established correlations between
cardiovascular, metabolic, and neuropsychiatric condi-
tions and AD, they often lacked temporal granularity in
defining the onset of comorbidities relative to AD diagno-
sis. The current research leverages comprehensive data
from MIMIC-1V and the NACC to evaluate the chrono-
logical relationships between these conditions and AD,
enabling the identification of potential early diagnostic
markers and intervention windows.

2. Interpretation: Our findings underscore hypertension,
hyperlipidemia, and depression as significant comorbidi-
ties with AD, with unique temporal trends that high-
light hypertension and hyperlipidemia often preceding
AD diagnosis. Depression, conversely, emerges predom-
inantly after diagnosis. These results suggest distinct
pathological interactions between cardiovascular health,
metabolic disturbances, and cognitive decline. Impor-
tantly, the onset patterns provide actionable insights into
disease monitoring and preventive strategies, emphasiz-
ing the critical need for early detection and management
of these comorbid conditions to potentially delay or
mitigate AD progression.

3. Future directions: The study advocates for a paradigm
shift in AD research, focusing on longitudinal, timeline-
based assessments of comorbid conditions. Expanding
this work to include diverse, multinational datasets
and refining phenotyping techniques will enhance gen-
eralizability and applicability. Additionally, integrating
biomarkers with temporal comorbidity data may unveil
novel intervention targets and therapeutic opportunities

for slowing AD onset and progression.

this study focused specifically on non-multifactorial dementia. After
assessing all the concurrent medical disorders, we concluded that
studying disorders with the highest frequency of incidence would
be appropriate for assessment. Patient hospital admittance calendar
days and times were utilized to develop disease timelines. We subse-
quently determined the most prescribed drugs for these patients by
merging the MIMIC-1V prescription data frame with individuals diag-
nosed with AD. We then documented the quantity of prescriptions
for each drug. This analysis was performed to ascertain the congruity
between the patients’ prescribed medications and their diagnosed
comorbidities. In this study, medication records were not used to ana-

lyze individual treatment regimens. The research did not differentiate
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between treated and untreated individuals or assess controlled ver-
sus uncontrolled conditions. Comorbidity presence was deduced by
the existence of a corresponding medical diagnosis and the presumed
standard of care, which assumes medication prescription at the time of
diagnosis. This assumption avoids biases introduced by incomplete or
unavailable medication data and enables a uniform approach to analyz-
ing comorbidities. Most importantly, although AD is not synonymous
with dementia and current knowledge emphasizes the heterogeneity
of dementia syndromes, this study uses “AD” as recorded in the patient
medical records. These diagnoses were based on clinical criteria avail-
able at the time of documentation and may not fully account for the
underlying mixed or non-AD pathologies contributing to dementia in
these patients. We acknowledge this limitation and emphasize that our
findings pertain to individuals diagnosed with “AD” as defined in the
clinical context of the dataset.

The selection criteria for the examination of the 12 histograms were
established by considering both the frequency of occurrence and the
factors identified in earlier research as potential contributors to AD, as
mentioned in our literature review. Disease phenotyping was used to
more efficiently search for comorbidities within individualized patient
records. This step was accomplished by searching for patterns in char-
acter vectors to identify comorbidity matches within the patient data
items. Each patient was evaluated for the presence of any comorbid-
ity ICD codes according to ICD-9 and 10. For each comorbid condition,
the first occurrence was recorded based on the earliest documented
ICD code in the MIMIC-IV dataset examining a constant time window
prior to an AD diagnosis. Histograms differentiate between longstand-
ing conditions (more than 5 years before AD diagnosis) and those
diagnosed proximally (within 5 years before AD designation). The first
occurrence of medication relative to comorbidity use was not factored
into the analysis. The process of disease phenotyping led to the detailed
refinement of 435 ICD codes representing 12 comorbidities (Appendix
A). For example, when examining hypertension, there are a total of 19
distinct ICD codes coding for this comorbidity, with seven falling under
the ICD-9 category and 12 falling within the ICD-10 category.

To validate or challenge comorbidity findings from the MIMIC-
1V, an additional database was examined with individualized patient
data. The National Alzheimer’s Coordinating Center (NACC) serves as
the centralized data repository and hub for collaboration and com-
munication for the National Institute on Aging’s (NIA’s) Alzheimer’s
Disease Research Centers (ADRCs) program. The current composi-
tion of this program includes a total of 42 research centers and four
exploratory centers, which are distributed across 26 states in the
United States. From 2005 to the present, ADRCs have been providing
data to the uniform dataset (UDS) through a systematic, standardized,
and long-term clinical examination of participants in the NIA’'s ADRC

program.*445

It comprises individuals with varying cognitive statuses,
ranging from no cognitive impairment to dementia. Although this is a
larger sample of AD patients than available in MIMIC-V, this dataset
could not be used as the primary source, as it did not contain onset
dates for all AD comorbidities. This investigation utilized data from
46 ADRCs for UDS visits conducted between January 2005 and June

2024.

ROGERS
TABLE 1 Demographic description of the MIMIC-IV study sample
comparing the total population with AD patients.

All patients AD patients

N (%) N (%)
Total 299,712 (100%) 2527 (0.84%)
Gender
Female 158,553 (52.9%) 1644 (65.1%)
Male 141,159 (47.1%) 883 (34.9%)
Age groups
18-40 122,632 (40.92%) 0(0%)
41-64 100,653 (33.58%) 111 (4.4%)
65-75 38,025 (12.69%) 419 (16.6%)
>76 38,402 (12.81%) 1997 (79%)
Ethnicity
American Indian/Alaska 377 (0.13%) 5(0.2%)
Native
Asian 7522 (2.51%) 59 (2.3%)
Black/African 1143 (0.38%) 8(0.3%)
Black/African American 19,304 (6.44%) 255(10.1%)
Black/Cape Verdean 1886 (0.63%) 25 (1%)
Black/Caribbean Island 1076 (0.36%) 13(0.5%)
Hispanic or Latino 9765 (3.26%) 84 (3.3%)
Multiple race/Ethnicity 264 (0.09%) 4(0.2%)
Native Hawaiian or other 213(0.07%) 1(0%)
Pacific Islander
Other 7475 (2.49%) 62 (2.5%)
Patient declined to answer 971 (0.32%) 10 (0.4%)
Portuguese 511(0.17%) 2(0.1%)
South American 240 (0.08%) 4(0.2%)
Unable to Obtain 1077 (0.36%) 14 (0.6%)
Unknown 8056 (2.69%) 92 (3.6%)
White 115,010 (38.37%) 1789 (70.8%)
White - Brazilian 534 (0.18%) 1(0%)
White - Eastern European 3670 (1.22%) 49 (1.9%)
White - Russian 1639 (0.55%) 50 (2%)
Missing 118,979 (39.7%) 0(0%)

Abbreviation: AD, Alzheimer’s disease.

3 | RESULTS

By analyzing the medical records of AD patients in the MIMIC-1V,
we documented and evaluated a total of 5749 simultaneous occur-
rences of patient diseases, disease episodes, and diagnoses classified
according to ICD-9 and 10. After evaluating all the coexisting medical
conditions, we determined that the top 50 most common comorbidi-
ties would be an appropriate criterion for inclusion to assess the
most prevalent disorders for the study (Appendix B). We subsequently
determined the top 50 drugs that were most frequently prescribed to
AD patients (n = 15,416,708) (Appendix C). Examination of the drug
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FIGURE 1 Adensity plot of 2527 Alzheimer’s disease (AD) patients presenting a graphical representation of age and sex distributions during

their time at Beth Israel Deaconess Medical Center.

data revealed that the outcomes of the prescribed medication were
mostly in line with the patients’ comorbidities; however, the evaluation
revealed no drugs that could indicate novel comorbidity associations
with AD.

Within the total sample population (N = 299,712), a subset of
individuals (n = 2527) was identified as AD patients. These were deter-
mined by searching ICD-9 and 10 for any of the five AD-relevant
diagnosis codes (ICD-9 code 3310: AD, n = 1615; ICD-10 G300: AD
with early onset, n = 43; ICD-10 G301: AD with late onset, n = 27;
ICD-10 G308: other AD, n = 51; and ICD-10 G309: AD unspecified,
n = 922). Across all unique AD patients, 2400 patients had one of
the above listed codes, 123 patients were diagnosed with two differ-
ent codes, and four patients had three different codes. Among the
AD patients, 65.1% were female (n = 1644), and 34.9% were male
(n = 883), as shown in Table 1. The mean age of the AD patients was
81.50 years (SD = 8.37). Among the AD demographics of 2527 individ-
uals, Whites were the most prevalent ethnicity, accounting for 70.8% of
the cohort. Next were Black African Americans, accounting for 10.1%
of the sample.

Figure 1 shows the density distribution of patients by age at their
first AD diagnosis, stratified by sex. The red (female) density curve dis-
plays small oscillations compared with the green curve between the

ages of 60 and 85, indicating that the density distribution of females

slightly varies within this age range. The most significant concentra-
tion of AD was found in individuals aged 80 to 86 years, regardless of
sex. The density curve for males decreases at the age of 83, whereas
the curve for females decreases at the age of 86. The chart shows
that females exhibit a somewhat greater prevalence of AD cases than
males from 80 to 86 years of age, indicating a greater likelihood
or frequency of the disease among women in this age bracket. The
marginal rise found at 89 years for both sexes can be attributed to
the patient’s age being above 89 years and being standardized to 91
years as per the MIMIC-1V deidentification procedure. The dashed blue
line designates the age of 65 years as the demarcation point between
EOAD and LOAD. Very few observations of EOAD were found in this
dataset.

Figure 2 histograms depict the frequency of the 12 most common
and prevalent comorbidities found in the AD patient group, which were
established after the initial thresholds of the 50 conditions were exam-
ined. In the MIMIC-1V dataset, hypertension was the most prevalent
comorbidity (n = 1628, 64.42%), followed by general infectious dis-
ease (n = 1167, 46.18%) and kidney disease (n = 1103, 43.64%). The
histograms illustrate the onset of comorbid disorders, ranging from
hyperlipidemia, with a mean onset of —1.27 years, to depression, with
a mean onset of 0.16 years. Table 2 displays the histogram data in a

comparable manner, including a calculation of the relative frequency in
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FIGURE 2 Histograms depicting the time of comorbidity initiation in years for a group of 2527 patients with Alzheimer’s disease (AD) relative
to their AD diagnosis. The y-axis depicts the frequency of comorbid diseases, whereas the x-axis represents the timing of comorbidity in relation to
the patient’s diagnosis of AD. A numerical value of zero signifies the first AD diagnosis. Negative values represent the duration in years prior to the
initial clinical diagnosis of AD, whereas positive values indicate the duration in years after the clinical diagnosis. The red line represents the average
period when comorbidity first appears across all patients with that comorbidity.
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TABLE 2 Atable of the top 12 most common comorbidities sorted by N and relative frequency (percent) of all patients with AD.

Relative frequency Mean onset Min onset Max onset
Comorbidity N (%) (+ — years) (+ — years) (+ — years)
Hypertension 1628 64.42 -1.09 -11.58 6.58
Infectious disease 1167 46.18 -0.44 -10.81 9.37
Kidney disease 1103 43.64 -0.56 -11.23 8.54
Heart condition 841 33.28 —-0.42 -10.89 8.69
Hyperlipidemia 765 30.27 -1.27 -10.95 5.57
Atherosclerosis 612 24.21 -1.24 -10.9 4.16
Anemia 579 2291 -0.45 -10.83 8.03
Urinary disorder 547 21.64 -04 -10.83 7.15
Hypothyroidism 402 15.9 -1.03 -10.95 6.58
Diabetes 338 13.37 -0.21 —-7.68 9.37
Depression 313 12.38 0.16 -8.13 8.01
Gastrointestinal issue 227 8.98 -0.53 -9.79 8.01

percentage and the range between the minimum and maximum onset
inyears.

Hyperlipidemia, characterized by elevated levels of lipids or lipopro-
teins in the blood, was linked to the longest average time before the
diagnosis of AD, with a mean onset of —1.27 years, and in certain
instances it was up to —10.95 years. Similarly, arteriosclerosis has a rel-
atively substantial period between diagnosis and the onset of AD, with
a mean onset of —1.24 years. A greater number of comorbidities are
associated with cardiovascular disease. Moreover, research suggests
a significant correlation between anemia, occurring with a relative
frequency of 22.91%, and chronic heart disease, kidney disease, and
diabetes.*¢~33 Similarly, urinary disorders, with a relative frequency of
21.64%, have been linked to AD and MCI.>4->¢ Every comorbidity has
its own distinct clinical manifestation; however, a shared characteris-
tic across all of them, including depression, is that each one involves
an imbalance in the control of the immune system that could lead to a
subsequent condition of systemic inflammation.?” -2 Depression is the
sole comorbidity with a mean onset time after AD diagnosis. Depres-
sion disorder was included in the analysis, as it ranked 14th among
the top 50 comorbidities, with a prevalence of 18.36% in the AD sam-
ple. Additionally, the literature has established a correlation between
depression and cognitive impairment. With respect to the gut-brain
axis, gastrointestinal comorbidities had the lowest occurrence rate, at
8.98%, in the MIMIC-1V sample. The variability in these histograms
pertains to the dispersion of the onset times around the mean. Nar-
rower histogram indicate that bars that are closer to the mean have
lower variability. Conversely, a wider histogram suggests greater vari-
ability. As such, diabetes, depression, and gastrointestinal issues have
a relatively low level of variability, with most occurrences happen-
ing near the mean onset time. Compared with these three comor-
bidities, all other comorbidities have a somewhat broader range of
occurrence, indicating that their onset periods are substantially more
varied.

TABLE 3 NACC datasample demographics comparing entire
patient population with patients diagnosed with AD.

All patients AD patients

N (%) N (%)
Total 51,836 (100%) 24,602 (47.46%)
Gender
Female 29,689 (57.3%) 13,453 (54.7%)
Male 22,147 (42.7%) 11,149 (45.3%)
Ethnicity
White 21,021 (40.55%) 19,982(81.2%)
Black or African American 4432 (8.55%) 3189 (13.0%)
American Indian or Alaska Native 280 (0.54%) 187 (0.8%)
Native Hawaiian or other Pacific 33(0.06%) 25(0.1%)
Islander
Asian 841 (1.62%) 591(2.4%)
Other (specify) 418 (0.81%) 471(1.9%)
Unknown 209 (0.4%) 157 (0.6%)

Abbreviation: AD, Alzheimer’s disease.

The NACC data, which were used for replication of findings,
included (n = 51,836) unique patients, of whom n = 24,602 had a for-
mal diagnosis of AD; a demographic overview of this sample is shown in
Table 3. Among the AD patients, 54.7% were female (n = 13,453), and
45.3% were male (n = 11,149). Among the AD demographics, White
ethnicity was again the most prevalent ethnicity, accounting for 81.2%
of the cohort. Next were Black African Americans, with a representa-
tion of 13.0%. The demographic outcomes and proportions of White to
Black African Americans in the MIMIC cohort exhibited considerable
similarity. Among the 12 comorbidities from the MIMIC-IV dataset,
only five were classified as unique categories in the NACC investiga-
tor dataset, potentially suggesting a specific focus or research interest
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TABLE 4 NACC dataoverview of comorbidities comparing frequencies in whole patient population with only patients diagnosed with AD.

All patients in NACC
with comorbidity

Comorbidity N (%)

Diabetes 7359 (14.2%)
Hypertension 26,469 (51.1%)
Hypercholesterolaemia 27,037 (52.2%)
Thyroid Disease 9041 (17.4%)
Depression? 18,354 (35.4%)

AD patient in NACC AD patient in MIMIC-IV

with comorbidity with comorbidity
N (%) N (%)

3556 (14.5%) 338(13.37%)
13,249 (53.9%) 1628 (64.42%)
13,531 (55.0%) 765 (30.27%)

4426 (18.0%) 402 (15.90%)
10,457 (42.5%) 313(12.38%)

Note: The MIMIC-IV AD patient comorbidity data have been included in the adjacent column, allowing for comparison.
Abbreviations: AD, Alzheimer’s disease; MIMIC-1V, Medical Information Mart for Intensive Care-1V; NACC, National Alzheimer’s Coordinating Center.
aThe NACC depression code used for this study was defined as having depression within the last 2 years.

in these conditions. We examined these five datasets for comparison
with the MIMIC-|V dataset, as shown in Table 4.

The results of the NACC and MIMIC-IV datasets are largely sim-
ilar, with the exceptions of hypertension, hypercholesterolemia, and
depression. In the NACC sample, Alzheimer’s patients with comorbidi-
ties had a greater prevalence of hypertension, hypercholesterolaemia,
thyroid illness, and depression than did all non-Alzheimer’s patients
with comorbidities. The frequency of diabetes is approximately equal
in both categories. These findings indicate that individuals with AD
may have a slightly elevated likelihood of experiencing specific comor-
bidities, such as hypertension, hypercholesterolaemia, and depression.
Like the MIMIC-1V cohort, the NACC AD group exhibited cardiovas-
cular disease as the predominant medical condition. Notably, hyperc-
holesterolemia had a relative frequency of 55.0% in NACC AD patients
compared with 30.27% in the MIMIC-IV AD patients. Compared with
the MIMIC-IV cohort, the NACC AD group presented similar preva-
lence rates (within a 5% range) of diabetes and thyroid disease.
Depression showed the greatest significant difference in comorbidi-
ties, with a prevalence of 42.5% in the NACC AD sample. The odds ratio
(OR), together with its standard error and 95% confidence range, is
computed in Table 5 for NACC hypertension, hypercholesterolaemia,
thyroid disease, and diabetes patients with an AD diagnosis via the
methodology described by Altman in 1990.63 Depression was excluded
from testing since it typically occurs after AD diagnosis in the MIMIC-
IV analysis. In addition, the data on depression in the NACC database
rely partially on self-reports, which may introduce some degree of
unreliability.

In summary, the evidence suggests a statistically significant impact,
with a moderate although substantial rise in the likelihood of an
AD diagnosis for patients with hypertension or hypercholesterolemia.
Theresults also indicate that the presence of a thyroid condition or dia-
betes does not have a significant effect on the capacity to accurately

predict a diagnosis of AD in this assessment.

4 | DISCUSSION

The objective of this study was to explore the current gap in AD

research by employing a timeline-focused, data-driven approach to

assess the frequency and onset of other medical disorders that might
contribute to the complex etiology of AD. The aim of this approach was
not only to detect patterns of disease comorbidity across time but also
to determine the specific time when individuals were diagnosed with
comorbidities in relation to their Alzheimer’s diagnosis.

The examination of the histograms for 11 out of 12 coexisting medi-
cal conditions reveals a noteworthy trend concerning the chronological
connection between the initiation of these ailments and the identifica-
tion of AD. Histograms show that most of the comorbidities analyzed
typically start occurring prior to AD diagnosis. This discovery implies
that there could be an opportunity for early management and surveil-
lance, as these coexisting medical conditions may act as early signs of
the potential onset of AD. The identification of hypothyroidism, which
typically initiates approximately 1.09 years before the manifestation of
symptoms and, in certain cases, 10.95 years earlier, was unexpected, as
initial investigations did not uncover any notable associations between
hypothyroidism and AD. Hypothyroidism is a condition characterized
by insufficient production of thyroid hormone by the thyroid gland.
The initial phases of hypothyroidism may not exhibit any symptoms.
Untreated hypothyroidism can lead to several health issues, such as
increased levels of cholesterol, cardiovascular problems, and impaired
cognitive function.*4> Thyroid disease was diagnosed in 18.0% of the
NACC AD population.

While kidney illness and infectious disease were frequently
observed in the MIMIC-IV AD group, it is crucial to exercise caution
when declaring them to be primary causes of AD. The effects of
the normal aging process are relevant to all comorbidities. Specifi-
cally, diabetes, kidney disorders, urological ailments, and infectious
diseases serve as examples of this phenomenon.®¢-¢? Phenotyping
identified a total of 72 distinct ICD-9 and ICD-10 codes for infectious
diseases, comprising internal, external, bacterial, and viral infections.
In addition, a total of 77 distinct renal disorders were identified,
potentially contributing to the elevated prevalence of these diseases.
Conversely, while only 19 different ICD-9 and 10 codes were identified
for hypertension and only three codes were identified for defining
hyperlipidemia, the incidence rates of both diseases were high. Impor-
tantly, some studies suggest that individuals in their forties, who are
younger adults, are more vulnerable to cardiovascular disease than

older individuals.”%~72 Curiously, depression is the only exception
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TABLE 5 NACC OR calculation for comorbidities in AD patients.
NACC AD odds ratio for Hypertension Hypercholesterolemia Thyroid disease Diabetes
comorbidity N N N N
Subjects with AD
Exposed group 13,249 13,531 4426 3556
Nonexposed group 11,353 11,071 20,176 21,046
Subjects without AD
Exposed group 26,469 27,037 9041 7359
Nonexposed group 25,367 24,799 42,795 44,477
Odds ratio 1.1184 1121 1.0384 1.0212
95% Cl 1.0849 to 1.1530 1.0874 to 1.1557 0.9980 to 1.0804 0.9780to 1.0663
z statistic 7.213 7.351 1.861 0.95
Significance level p <0.0001 p <0.0001 p=0.0628 p=0.3419

Note: Exposure reflects a comorbidity diagnosis. An OR of 1.1184 indicates that the odds of receiving an AD diagnosis are 1.1184 times greater in patients
with hypertension, indicating an 11.84% increase in the odds of receiving an AD diagnosis if a patient has hypertension. A hypercholesterolemia diagnosis is
associated with a 12.10% increase in the odds of receiving an AD diagnosis. Thyroid disease and diabetes do not significantly increase the risk of a patient

developing AD.

Abbreviations: AD, Alzheimer’s disease; NACC, National Alzheimer’s Coordinating Center.

among the comorbidities studied, with the mean onset observed in this
study after the diagnosis of AD. The unique temporal pattern shown in
depression, appearing on average 0.16 years after the diagnosis of AD,
with the possibility of onset ranging up to 8.01 years after, highlights
the importance of targeted mental health treatments after clinical
diagnosis. Upon evaluation, 42.5% of the NACC AD group reported
experiencing depression over the preceding 2 years. These findings
emphasize the necessity of therapies that specifically target the
intricate connection between AD and the emergence of subsequent
depressive symptoms.

The MIMIC-1V dataset shows that the top 50 diseases and condi-
tions that occur alongside AD include a diverse spectrum of afflictions,
mostly chronic, cardiovascular, metabolic, and neurological issues. The
list provides an overview of the main health issues linked to the pro-
cess of aging, including AD, various cardiovascular conditions (such
as atrial fibrillation and congestive heart failure), diabetes mellitus,
and hypertension. Moreover, it includes lifestyle-related illnesses such
as hyperlipidemia. Notably, modest variations in disease categoriza-
tion were detected between the two databases. Hypercholesterolemia
is a type of hyperlipidemia. Hyperlipidemia is a comprehensive term
that includes both genetic and acquired conditions that cause high
levels of lipids in the bloodstream. Nevertheless, it is crucial to empha-
size that hypercholesterolemia does not encompass the quantification
of triglycerides. Furthermore, the NACC employs the framework
of thyroid illness as opposed to the more specific hypothyroidism.
Hashimoto’s disease is the most common type of autoimmune disorder
that causes an underactive thyroid. Importantly, most of the medi-
cal disorders associated with the evaluation of the 12 comorbidities
examined in this study can be effectively controlled and regulated to
different extents. The results presented here emphasize the possibility
of using an intervention strategy to possibly delay the advancement of
AD.

The differing definitions of EOAD (eg, occurring before 65 years of
age) and LOAD (eg, occurring after 65 years of age), based on clini-
cal observations and epidemiological analysis, suggest a level of AD
onset that cannot be adequately represented by a single age. The inher-
ent variation in the manifestation of AD among individuals, with some
showing symptoms earlier or later than the expected age of onset,
underscores the limitations of relying solely on a fixed age criterion
to categorize distinct patient groups. The existence of this variance
emphasizes the need for an individualized approach to the diagno-
sis and treatment of AD, rather than just depending on a generic age
criterion, especially for disease classification.

Concerns about the timing of comorbidity onset relative to AD
diagnosis neglect numerous important factors that underscore the
significance of these findings. First, AD is characterized by a prolonged
preclinical phase, where pathological changes such as A accumulation
occur decades before clinical symptoms emerge, making late-stage
comorbidities potentially integral to disease progression. Additionally,
many comorbidities, including hypertension and hyperlipidemia, share
risk factors with AD, such as aging and vascular health, and may
influence AD onset even when detected closer to diagnosis. Systemic
mechanisms like chronic inflammation or vascular compromise may
further accelerate AD progression, creating a tipping point coinciding
with clinical diagnosis. Detection bias must also be considered, as indi-
viduals experiencing cognitive decline often undergo more rigorous
medical evaluations, increasing the likelihood of identifying comor-
bidities. Furthermore, fragmented or incomplete medical records may
underestimate the true timing of comorbidity onset, inadvertently
skewing the observed temporal relationship. The identification and
management of comorbidities, even shortly before AD diagnosis,
remain crucial for secondary prevention, as they may delay progres-
sion or mitigate symptom severity. Lastly, a reclassification of current
ICD Alzheimer’s codes into AD pathology-positive and AD pathology-
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negative categories could improve clinical accuracy by distinguishing
individuals based on biomarker-confirmed pathology rather than clin-
ical symptoms alone. This distinction is particularly significant given
the frequent coexistence of additional dementia-causing pathological
features, such as vascular pathology, Lewy bodies (LB), or TAR DNA-
binding protein (TDP) pathology, alongside AD pathology. Recognizing
and categorizing these coexistent pathologies would enable more pre-
cise targeting of comorbidities and interventions, ultimately enhancing
the scope and impact of Alzheimer’s research and care strategies.

The MIMIC-IV dataset was selected as the primary dataset due to
the inclusion of diagnostic information with exact dates derived from
EHR data for all comorbidities. The NACC dataset does not provide
information on the time interval between the diagnosis of AD and
the occurrence of comorbidities in all patients. The MIMIC-1V dataset
consists of data obtained from a single hospital’s comprehensive EHR
system. In contrast, NACC exploratory centers have unique research
goals and recruitment strategies that are integrated into the UDS. The
UDS data are collected through in-person UDS-related appointments,
visits to individuals’ homes, and discussions conducted via video or
phone. The dataset consists of acombination of patient record data and
patient self-reported information obtained through questionnaires.
Therefore, the precision of EHR, which is a chargeable medical occur-
rence present inthe MIMIC-1V database, is lacking. NACC was included
as a secondary analysis to compare demographics and comorbidities
in the secondary sample and to explore the robustness of findings in
independent samples.

A noteworthy limitation of the primary study is that the sample
of participants in the MIMIC-1V was exclusively derived from a single
institution and a single database. The use of the NACC as a secondary
sample helped explore some of the findings from MIMIC on a larger
nationwide scale. Another limitation is that it is conceivable that cer-
tainindividuals may have received a diagnosis of AD or another medical
ailment from an alternate healthcare facility or a different primary care
physician. Frequently, individuals’ personal medical information fails
to accompany them throughout their lifetime, or physical records are
not converted into digital formats. Unobserved progress also imposes
a constraint. Individuals may exhibit signs of a condition, but they are
only officially diagnosed when they seek medical attention at a hos-
pital. This introduces uncertainty when analyzing the occurrence of
multiple conditions simultaneously. Therefore, the evaluations con-
ducted in this study are likely to underestimate the total number of
diagnoses.

The MIMIC-1V dataset comprises patient data collected between
2008 and 2019; this study used both ICD-9 and ICD-10 codes for dis-
ease classification. The switch to the ICD-10 occurred on October 1,
2015. Compared with the ICD-9 codes, the ICD-10 codes have a sig-
nificantly greater level of specificity. Within the scope of this research,
the ICD-10 encompasses four distinct codes for AD, with a particular
emphasis on differentiating between early- and late-onset AD diag-
noses. In contrast, the ICD-9 has only one code for AD that does not
distinguish AD based on onset. Among the 2527 unique AD patients,
n = 1615 (63.9%) had the ICD-9 code. The variability of the defini-
tions across the five AD diagnostic codes used in the MIMIC-1V dataset
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made it difficult to accurately differentiate and assess the distinc-
tions between EOAD and LOAD. While ICD codes provide a reliable
marker for clinical diagnosis, it is essential to recognize that patho-
physiological changes in AD begin decades prior to clinical designation.
Furthermore, most patients with an AD designation exhibit addi-
tional coexisting pathologies, such as vascular, LB, or TDP-43-related
pathologies. These factors were considered when interpreting comor-
bidity timelines, as they may influence the onset and progression of
clinical symptoms. Results should, therefore, be viewed as reflective of
broader dementia pathology and not solely of AD. The observed preva-
lence of 0.8% in the MIMIC-IV dataset likely reflects selection biases,
including underdiagnosis, late diagnosis, and the fact that this dataset
captures hospitalized patients. Comorbid conditions may dispropor-
tionately bring patients to healthcare settings, potentially confounding
the relationship between these conditions and AD diagnosis. This high-
lights the need for cautious interpretation of causal inferences, as
comorbidities may serve as proxies for healthcare engagement rather
than direct contributors to AD pathology.

While it was essential to utilize NACC data to validate the results
of the MIMIC-IV study, it is crucial to acknowledge that the individ-
uals participating in the NACC study do not constitute a statistically
representative sample of the whole US population, regardless of their
dementia status. Alternatively, a more accurate perspective would be
to consider them as a sequence of medical cases obtained via referrals
or volunteers. Hence, the data obtained from NACC are inadequate for
ascertaining the prevalence or incidence of certain types of dementia
in the entire population of the U.S. Leveraging the longitudinal nature
of the NACC dataset to analyze comorbidities in cognitively normal
individuals and tracking their progression to MCI or AD designation
could provide valuable insights into the temporal sequence of disease
events. Such an analysis would complement the MIMIC-1V findings by
offering abroader perspective on disease progression and the interplay
between comorbidities and cognitive decline. Future studies should
prioritize longitudinal designs to elucidate causal pathways.

Finally, although the diversity of Boston’s population (from which
the MIMIC-1V data originate) has increased, 70.8% of the 2575 indi-
viduals diagnosed with AD and 38.37% of the 299,712 cohort in this
sample self-identified as White. According to the 2010 US Census
Bureau, the city and its surrounding region had a white population of
47.0% and a Black/African American population of 22.4%. In 2020, the
US Census Bureau reported a marginal shift in these numbers to 44.6%
and 19.1%, respectively, indicating little change.”® These data may have
had an impact on the ethnic composition of patient admissions.”+7>
Future studies on AD will benefit from the use of hospitals or databases
that contain a broader range of demographic variables within signif-
icant multinational datasets. Analyzing data from this type of cohort
could reveal whether there are variations in comorbidity patterns
among different ethnic groups.

This study highlights comprehensive methodologies for achieving
a deeper understanding of AD and aims to enhance knowledge of
AD through several investigative perspectives. The findings provide
evidence indicating that several diseases may play a role, to varying

degrees, in the development of AD. This revelation is significant since it
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has the potential to fundamentally change the approach to conducting
AD research, with the aim of expediting the development of remedies
for the illness. Understanding AD comorbidities is crucial, as they might
influence the onset and progression of AD or, alternatively, share com-
mon risk factors that contribute to the development of the disease. By
documenting crucial diagnostic events throughout a patient’s medical
history, this analysis serves as an example of how researchers canillus-
trate the variations in symptoms and disease signs at different times
of an AD patient’s life. This approach affords a more complete under-
standing of the evolution of AD and its long-term effects. By analyzing
medical records across large datasets, it is feasible to extract significant
data that have the potential to reveal patterns or attributes that can
improve the precision of diagnosis, treatment approaches, and general

well-being of those affected by AD.
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