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ABSTRACT

Background: Over 6 million patients in the United States are affected by Alzheimer’s Disease and Related Demen-
tias (ADRD). Early detection of ADRD can significantly improve patient outcomes through timely treatment.
Objective: To develop and validate machine learning (ML) models for early ADRD diagnosis and prediction using
de-identified EHR data from the University of Missouri (MU) Healthcare.

Design: Retrospective case-control study.

Setting: The study used de-identified EHR data provided by the MU NextGen Biomedical Informatics, modeled
with the PCORnet Common Data Model (CDM).

Participants: An initial cohort of 380,269 patients aged 40 or older with at least two healthcare encounters was
narrowed to a final dataset of 4,012 ADRD cases and 119,723 controls.

Methods: Six ML classifier models: Gradient-Boosted Trees (GBT), Light Gradient-Boosting Machine (LightGBM),
Random Forest (RF), eXtreme Gradient-Boosting (XGBoost), Logistic Regression (LR), and Adaptive Boosting
(AdaBoost) were evaluated using Area Under the Receiver Operating Characteristic Curve (AUC-ROC), accuracy,
sensitivity, specificity, and F1 score. SHAP (SHapley Additive exPlanations) analysis was applied to interpret
predictions.

Results: The GBT model achieved the best AUC-ROC scores of 0.809-0.833 across 1- to 5-year prediction windows.
SHAP analysis identified depressive disorder, age groups 80-90 yrs and 70-80 yrs, heart disease, anxiety, and
the novel risk factors of sleep apnea, and headache.

Conclusion: This study underscores the potential of ML models for leveraging EHR data to enable early ADRD
prediction, supporting timely interventions, and improving patient outcomes. By identifying both established and
novel risk factors, these findings offer new opportunities for personalized screening and management strategies,
advancing both clinical and informatics science.

1. Introduction

In 2022, over 6 million Americans aged 65 or older were living with
AD, and it was the seventh leading cause of death [12]. ADRD imposes

Alzheimer’s Disease and Related Dementias (ADRD) are a group of ir-
reversible neurodegenerative disorders that progressively impair cogni-
tive functions, memory, and the ability to perform daily activities [1,2].
Alzheimer’s Disease (AD) was first described by a German psychiatrist
Alois Alzheimer. It was observed in a patient called Auguste, who died
in 1906 due to the loss of cognitive function [3]. Biologically, AD is de-
fined as the pathological deposition of amyloid-beta (Af), tau proteins,
and neurodegeneration in the brain [4-7]. These pathological changes
often emerge 20 years before clinical symptoms appear [8]. As the dis-
ease advances, it progresses from Mild Cognitive Impairment (MCI) to
severe dementia, with limited treatment options [9-11].

a significant burden on patients, families, and society [13,14]. By 2030,
the number of AD patients is expected to exceed 75 million and double
by 2050 [12,13,15]. In 2022, the treatment for AD and dementia cost
$321 billion, along with an additional $271 billion in unpaid caregiving,
with projected annual costs exceeding $1 trillion by 2050 [13,16].
Early detection of ADRD is essential, as it allows for intervention
before major cognitive decline takes place. Despite extensive research
efforts, nearly 99 % of clinical trials failed between 2002 and 2012
to develop successful treatments for ADRD [17]. However, diagnosis
at the mild cognitive impairment (MCI) stage instead of late dementia
could save the U.S. Healthcare System up to $7.9 trillion [12,18,19].
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Since 1998, the U.S. Food and Drug Administration (FDA) has approved
only six drugs to relieve ADRD symptoms: rivastigmine, galantamine,
donepezil, memantine, a combination of memantine and donepezil, and
aducanumab [20-22]. These FDA-approved medications are most effec-
tive in the early to middle stages of the disease, offering symptomatic re-
lief but not halting disease progression [17,20-23]. The limited success
of these treatments highlights the need for more effective therapeutic
strategies.

The emergence of machine learning (ML) offers new hope for im-
proving the early detection of ADRD. By leveraging vast datasets from
electronic health record (EHR) systems, administrative claims, and neu-
roimaging, ML models can uncover patterns and insights that may not
be apparent through traditional methods. Recent studies have demon-
strated the potential of ML in predicting AD incidence and managing
other neurological conditions [24-28]. Previous studies have demon-
strated the significant adaptability of ML models for different datasets,
highlighting their robustness and applicability to other critical condi-
tions such as cardiovascular disease, breast cancer, and prostate cancer
[29-31]. Furthermore, a deeper understanding of comorbidities, med-
ication usage, and demographic factors for ADRD can inform public
health interventions. For example, depression and cardiovascular dis-
ease have been consistently linked to increased ADRD risk [32,33]. Sleep
disorders have been associated with impaired cognitive function and
amyloid accumulation [34]. Understanding demographic variation in
ADRD risk, such as stronger associations in older adults and differences
by sex, can inform the design of age and gender-sensitive prevention
strategies. Adjusting medication use such as avoiding anticholinergic
drugs, which are associated with increased risk of dementia [35], can
lead to improved patient outcomes. Identifying high-risk patients earlier
can enable personalized interventions for ADRD patients [36].

In our study, we applied six different ML models including Gradient-
Boosted Trees (GBT) [37], Light Gradient-Boosting Machine (LightGBM)
[38], Random Forest (RF), eXtreme Gradient-Boosting (XGBoost) [39],
Logistic Regression (LR) [40], and Adaptive Boosting (AdaBoost) [41] to
classify ADRD using de-identified EHR data from the University of Mis-
souri (MU) Healthcare, which is part of the National Patient-Centered
Clinical Research Network (PCORnet). By optimizing the ML models
for accuracy, Area Under the Receiver Operating Characteristic Curve
(AUC-ROQ), sensitivity, and F1-scores, and by identifying key predic-
tive features, we aimed for accurate and early diagnosis of ADRD. Our
study incorporated a comprehensive range of EHR variables as predic-
tors in the ML models. These variables included demographic factors
(e.g., age, race, marital status, sex), vital signs (e.g., systolic and diastolic
blood pressure), behavioral risk factors (e.g., smoking history), a broad
spectrum of comorbidities, and medical diagnoses. The comorbidities
encompassed metabolic conditions (e.g., diabetes, obesity), cardiovas-
cular diseases (e.g., hypertension, heart disease), neurological disorders
(e.g. stroke), and psychiatric disorders (e.g., depression, anxiety), and
other health conditions (e.g., sleep disorders, kidney disease, vitamin D
deficiency). A detailed list of these variables is provided in the Methods
section. We tested different prediction windows spanning 1 to 5 years.
Despite significant advances in healthcare and data analytics, there re-
mains an opportunity to improve predictive ML models for the early
diagnosis of ADRD. Current approaches face challenges such as limited
integration of comprehensive EHR data and inadequate interpretability
for clinical use. This study aims to address these gaps by employing ad-
vanced ML models and SHAP (SHapley Additive exPlanations) analysis
to identify key risk factors and improve the precision of ADRD diagnosis.

In the remaining section of the paper, we will delve into the method-
ology, and the results, and discuss the significance of the findings.

2. Methods
We used de-identified EHR data from MU Healthcare, provided by

the MU NextGen BMI. The data were modeled using the PCORnet Com-
mon Data Model (CDM) [42], containing longitudinal EHRs encompass-
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ing diverse patient characteristics, including demographics, diagnoses,
medications, vital signs, and smoking history. This study was approved
by the MU Institutional Review Board under protocol IRB2095682.

2.1. Study participants

This retrospective case-control study focused on predicting ADRD di-
agnosis in adults aged 50 years and older. We began with a cohort of
380,269 patients who met the following criteria (1): aged 40 years or
older as of January 1, 2010 (the start date of records in the MU EHR sys-
tem) (2), admitted between January 1, 2010, and December 31, 2023,
and (3) had at least two recorded encounters in MU Healthcare.

2.2. Selection criteria for cases and controls

In this study, we defined ADRD cases using two main criteria for
prediction. First, patients who had an ADRD diagnosis based on the In-
ternational Classification of Diseases, 9th or 10th Revisions (ICD-9/ICD-
10), which included codes 331.0, 290.0, 290.1, 290.2, 290.3, 290.4,
290.43, 331.82, 294.1, G30.0, G30.1, G30.8, G31.83, F0O, F00.2, FO1,
F02, and F00.9. These ICD codes cover early onset, late onset, and con-
firmed ADRD cases (that do not specifically fit into early or late onset
categories). We also included patients who were prescribed dementia-
related medications commonly used for AD, such as rivastigmine, galan-
tamine, donepezil, memantine, aducanumab, and brexpiprazole. Sec-
ond, patients must have recorded at least two encounters in the MU
EHR system.

Note that brexpiprazole was included in the study due to its FDA ap-
proval in 2023 as the first pharmacologic treatment for agitation associ-
ated with dementia due to Alzheimer’s disease [43]. Although it serves
as an adjunct treatment for major depressive disorder and schizophre-
nia, we included it because of its relevance in managing a common neu-
ropsychiatric symptom in ADRD.

For the control group (non-ADRD), we selected individuals who (1)
had no ADRD-related diagnoses based on ICD-9/10 codes or were not
prescribed any dementia-related medications, and (2) had at least two
recorded encounters in the MU EHR system. Our final dataset comprised
of 123,735 unique patients; of these, 4012 were diagnosed with ADRD
(cases), while 119,723 had no ADRD or ADRD-related diagnoses (con-
trols).

2.3. Study design

In our study, we divided the time into two sections (1): an observa-
tion window and (2) a prediction window. We set an index date for each
case as the earliest date of either an ADRD diagnosis or the first prescrip-
tion of a dementia-related medication. We defined multiple prediction
windows (1 year, 2 years, 3 years, 4 years, and 5 years), representing the
time windows during which a case had its index date. The observation
window spanned from January 1, 2010 (the start date of records in the
MU EHR system) to December 31, 2018 for both case and control data.
Data from the observation window were exclusively used for training
the models, allowing us to evaluate the potential for forecasting ADRD
at different time intervals.

We used a fixed control dataset [2010-2019) and different case
datasets for each prediction window, as shown in Fig. 1. For the 1-year
prediction window, the case data included those whose index date was
during [2019-2020). For the 2-year prediction window, the case data
included those whose index date was during [2019-2021) and so on.
Our approach utilizes large amounts of control data to establish a strong
“healthy” reference, in contrast to a shorter pre-onset case window.

Our dataset included variables captured by the EHR system, such
as [1] demographic variables (age, race, marital status, and sex) [2],
behavioral risk factors (e.g., smoking history), and [3] vital variables,
namely, diastolic blood pressure (DBP) and systolic blood pressure
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Patients in MU-NEXTGEN
= Age>40at2010-01-01
= Admit date before 2023-12-31
= Patient had at least 2 encounters
= Total population (n) = 380,269

Control Dataset
= Age > 50 years at index date
* Had no ADRD diagnosis or no dementia related
medication
= Patient had at least 2 encounter
= Total (n) = 119,723

Case Dataset
= Age > 50 years at index date
= Had ADRD diagnosis or dementia related medication
after 2018-12-31
= Patient had at least 2 encounter
= Total (n) = 4,012

2010 2019 2020 2021 2022 2023 2024
contrat | l | l I |

1-year Case | | |

2year  Case | | |

year  Case | | |

4-year case | | |

5-year case | | |

|:| Observation window

D Prediction window (contains index date)

Fig. 1. Flowchart for preparing the case-control study.

(SBP). Additionally, we incorporated comorbidities as risk factors, iden-
tified through a thorough review of existing literature [23,44]. The co-
morbidities and medical diagnoses include diabetes, epilepsy, depres-
sion, obesity, stroke, anxiety, hypertension, hyperlipidemia, cardiovas-
cular disease, sleep disorder, headache, periodontitis, concussion, heart
disease, sleep apnea, insomnia, kidney disease, cholesterol, vitamin D
deficiency, enlarged prostate, bone disease, and depressive disorder.

2.4. Data pre-processing

To address missing data, we excluded the feature variables with a
missing rate of 30 % or higher. Patients with more than 20 % missing
data were removed from the analysis, while those with less than 20 %
missing data were imputed. Initially, our dataset included 4012 unique
patients in the positive class (cases), and 232,795 unique patients in the
negative class (controls), the final number of cases and controls is shown
in Fig. 1.

In the data preprocessing phase, one-hot encoding was applied to
all categorical variables. Continuous variables were handled accord-
ing to their specific characteristics. For example, Age was catego-
rized into five distinct categories: [50,60), [60,70), [70,80), [80,90),
and above 90 years. DBP and SBP were categorized into three levels
based on clinical thresholds: “normal,” “high,” and “critically high.”
Specifically, DBP was categorized as normal (<80 mmHg), high (80-
90 mmHg), and critically high (>90 mmHg), while SBP was categorized

as normal (<120 mmHg), high (120-140 mmHg), and critically high
(>140 mmHg) [45].

The resulting feature vector consisted of binary values, where Os
and 1s indicated the absence or presence of each category. For medi-
cal diagnosis or comorbidities conditions, one-hot encoding was used
to construct the feature vector. The smoking history was encoded into
binary values: never smoker was mapped to 0, while all other smok-
ing categories, including former and current smokers, were mapped to
1. This approach enabled a simplified distinction between non-smokers
and those with any smoking history.

The dataset was divided into training and testing sets, with 80 % for
training and the remaining 20 % for testing. The training set was used
to develop models, while the testing set was employed to assess their
performance.

2.5. Model validation and analysis

We trained and tested six different ML classification models: GBT,
LightGBM, RF, XGBoost, LR, and AdaBoost to predict ADRD at an early
stage. These models were chosen based on their demonstrated effective-
ness in prior studies on ADRD prediction and related medical classifica-
tion tasks. GBT, LightGBM, and XGBoost are widely recognized for their
strong predictive performance and ability to handle complex, non-linear
relationships in structured healthcare data, making them particularly ef-
fective for ADRD risk assessment [46]. RF was used in an Alzheimer’s
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Table 1
Descriptive Statistics in Control and Case.
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Control (n = 119,723) Case (n = 4012)

Variables Sub-categories normean %orSD normean % or SD
Demographic
Age 75.51 10.18 77.50 9.25
Sex
Female 64,072 53.5 % 2415 60.2 %
Male 55,651 46.5 % 1597 39.8 %
Race
White 109,568 92.3 % 3778 94.3 %
Black/African American 7289 5.2% 169 4.2 %
Asian 1058 0.9 % 19 0.5 %
American Indian/Alaskan Native 208 0.2 % 3 0.1 %
Native Hawaiian/Other Pacific Island 49 0.03 % N/A N/A
Some Other Race 1103 1% 24 0.6 %
Unknown 448 0.5 % 12 0.3 %

study for image classification due to its robustness against overfitting
and its ability to handle high-dimensional datasets [47]. LR serves as a
baseline model due to its simplicity and interpretability, and it has been
frequently applied in ADRD research for modeling disease progression
using clinical data [48]. AdaBoost enhances classification performance
by improving weak classifiers, particularly in imbalanced datasets, and
has been successfully applied in ADRD prediction using deep learning
methods [49].

A nested cross-validation approach was employed to optimize and
evaluate these models. Each model was incorporated into a pipeline that
included a StandardScaler for feature normalization, followed by the
respective classifier.

Hyperparameter tuning was conducted using a 5-fold StratifiedKFold
inner cross-validation loop with grid search (GridSearchCV). The opti-
mal hyperparameters were then applied in an outer 5-fold StratifiedK-
Fold cross-validation to assess model performance. Predicted probabil-
ities were classified using a 0.5 threshold, and the model performance
was measured using metrics such as accuracy, precision, sensitivity, F1-
score, AUC-ROC, and specificity, with confusion matrices generated for
each fold. Bootstrapping with 1000 iterations was applied to estimate
point values. The model with the best performance across all metrics
was selected and further evaluated on a hold-out test set to assess gen-
eralization.

We applied SHAP (Shapley Additive exPlanations) methods [50] to
interpret the predictions of the ML models, we generated SHAP values
for each of the five prediction windows (1, 2, 3, 4, and 5 years). These
values were used to generate summary plots, providing insights into the
model interpretability and highlighting risk factors over time. Specifi-
cally, SHAP bar plots and summary plots were generated for the top 12
risk factors in the best-performing model. Features with positive SHAP
values were linked to a higher probability of ADRD, whereas those with
negative values were associated with a lower risk. The magnitude of
each SHAP value reflected the overall importance of that feature with
the model.

3. Results
3.1. Sample characteristics

Table 1 shows the descriptive statistics of the case and control
groups. Our data set includes 119,723 control individuals and 4012
cases, all aged 50 years and older, covering the period from January
1, 2010, to December 31, 2023. The analysis focused on the key demo-
graphic characteristics of both groups. The mean age in the case group
(77.50 + 9.25 years) was higher than in the control group (75.51 + 10.18
years), indicating an older population in the case group. Female patients

were more prevalent than male patients in both groups. Additionally,
the White race was predominant in both groups, given the demograph-
ics of patients visiting MU Healthcare.

3.2. Performance evaluation of model prediction

We trained six different ML classification models, namely: LR, GBT,
LightGBM, XGBoost, RF, and AdaBoost, by applying hyperparameter
tuning on the training set. All models were trained using the com-
plete set of predictors, as described earlier, without excluding any vari-
ables. These predictors included demographic factors, vital signs, behav-
ioral risk factors, and comorbidities. The models were trained to predict
ADRD incidence over 1-year, 2-year, 3-year, 4-year, and 5-year predic-
tion windows. Using the best-performing model for each classifier, we
classified the unseen test set into two classes: ADRD (case, positive class)
and non-ADRD (control, negative class) patients.

Next, we report on the ML model’s performance. As shown in Table 2,
the Area under the Curve (AUC) using the GBT model demonstrated the
highest performance in predicting ADRD over 5 years. To ensure inter-
pretability and identify the most important predictors influencing ADRD
risk, we applied SHAP analysis. A detailed breakdown of feature contri-
butions and their relationship with the model’s predictions are presented
in the subsection titled “SHAP Analysis and Model Interpretability”.

The GBT model consistently outperformed the other model in terms
of AUC and accuracy in all 5 prediction windows. The GBT model
achieved the best AUC score of 0.833, 808, 0.822, 0.821, and 0.809
for predicting ADRD at 5-year, 4-year, 3-year, 2-year, and 1-year pre-
diction windows, respectively. LightGBM and XGBoost also exhibited
strong performance, with AUC scores of 0.831 and 0.829, respectively
in the 5-year prediction window. In contrast, the LR model had the low-
est AUC of 0.782 in the 5-year prediction window. The AUC score con-
sistently increased as the prediction window extended from 1-year to
5-year. Similar results were obtained for other performance metrics, in-
cluding accuracy, sensitivity, specificity, and F1 scores.

The AUC-ROC curves for the 5-year prediction window using six dif-
ferent ML models are displayed in Fig. 2 (right). For example, the GBT
model achieved an AUC score of 0.833, followed by the LightGBM, XG-
Boost, RF, AdaBoost, and LR with an AUC score of 0.831, 0829, 0.822,
0.818, and 0.782, respectively. Additionally, Fig. 2 (left) displayed the
AUC-ROC curves for predictions across 1-year, 2-year, 3-year, 4-year,
and 5-year prediction windows using the best model, GBT. This upward
trend from 1-year to 5-year suggests that the predictive accuracy of the
GBT model helps with the inclusion of longitudinal data. The findings
were consistent across other metrics, including specificity and sensitiv-
ity.
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Table 2
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Performance of ADRD Predictive Models (? best model according to AUC score).

Prediction Window Model Accuracy  AUC Precision  Sensitivity ~ Specificity =~ F-1

1 Year LR 0.696 0.775 0.970 0.696 0.695 0.801
GBT 0.978 0.809* 0.970 0.978 0.999 0.968
LightGBM  0.970 0.808 0.964 0.970 0.999 0.957
XGBoost 0.979 0.799 0.975 0.979 1.000 0.970
RF 0.978 0.792 0.978 0.978 1.000 0.967
AdaBoost 0.978 0.782 0.969 0.978 1.000 0.968

2 Years LR 0.684 0.787 0.965 0.684 0.682 0.789
GBT 0.974 0.8212 0.969 0.974 1.000 0.962
LightGBM  0.973 0.821 0.963 0.973 0.999 0.962
XGBoost 0.976 0.818 0.972 0.976 0.999 0.967
RF 0.974 0.816 0.974 0.974 1.000 0.961
AdaBoost 0.974 0.796 0.964 0.974 0.999 0.962

3 Years LR 0.688 0.784 0.961 0.688 0.687 0.789
GBT 0.974 0.822*  0.971 0.971 0.999 0.965
LightGBM 0.971 0.817 0.964 0.971 0.999 0.958
XGBoost 0.974 0.798 0.970 0.974 0.998 0.966
RF 0.971 0.807 0.972 0.971 1.000 0.958
AdaBoost 0.970 0.800 0.941 0.970 1.000 0.955

4 Years LR 0.698 0.763 0.956 0.698 0.698 0.795
GBT 0.970 0.808*  0.964 0.970 0.999 0.957
LightGBM  0.970 0.808*  0.964 0.970 0.999 0.957
XGBoost 0.971 0.807 0.966 0.971 0.999 0.960
RF 0.969 0.797 0.968 0.969 0.999 0.954
AdaBoost 0.969 0.795 0.960 0.969 0.999 0.956

5 Years LR 0.688 0.782 0.955 0.688 0.687 0.787
GBT 0.970 0.833*  0.968 0.970 0.999 0.960
LightGBM  0.969 0.831 0.966 0.969 0.999 0.958
XGBoost 0.968 0.829 0.961 0.969 0.999 0.953
RF 0.968 0.823 0.967 0.968 0.999 0.954
AdaBoost 0.967 0.818 0.959 0.967 0.999 0.953

ROC Curve Analysis - 5-years prediction

1.0

0.8
3
&
P 0.6
2
.‘ﬁ
o
a
504
=
,/' - Logistic Regression (AUC = 0.782)
~—— GBT (AUC = 0.833)
0.2 —— Random Forest (AUC = 0.822)
—— AdaBoost (AUC = 0.818)
—— LightGBM (AUC = 0.831)
—— XGBoost (AUC = 0.829)
0.0
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

ROC Curve Analysis - GBT model
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—— Year 2 (AUC = 0.821)
- Year 3 (AUC = 0.822)
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Fig. 2. Performance assessment of ML models in ADRD prediction. (Left) ROC curve analysis for the 5-year prediction window using six different ML models. (Right)
ROC curve analysis for predictions across 1-, 2-, 3-, 4-, and 5-year windows. The GBT model, being the best performer, was used for the ROC plot.

3.3. SHAP analysis and model interpretability

We applied the SHAP to identify the key risk factors influencing
ADRD prediction and their relationship with outcomes. Given the GBT
model’s excellent performance, SHAP values provided insight into the
model’s interpretability. Fig. 3 presents the SHAP analysis across the 1-
year to 5-year prediction window, identifying the top 12 features that
most influenced the model’s predictions. Consistently, features such as a
history of depressive disorder, higher age groups (70-80 yrs and 80-90
yrs), history of anxiety, history of sleep apnea, history of heart disease,
history of headache, and high DBP were the most significant predictors
of ADRD risk.

The SHAP plot provides a detailed breakdown of how each feature
affects the model’s prediction, highlighting the model’s interpretability
and the complex relationships between different risk factors. Positive

contributions, shown by the red segments, increased the likelihood of
an ADRD prediction, while negative contributions, shown by the blue
segments, decreased it.

4. Discussion

Our study demonstrated the feasibility of using de-identified EHR
data and ML-based models to predict ADRD diagnoses up to 5 years
in advance, representing advancements in both informatics and clinical
science. A preliminary version of this study was presented as a poster
[51] recently and demonstrated the effectiveness of ML for ADRD pre-
diction given a 5-year window. In this study, we have substantially ex-
panded our analysis through rigorous ML model comparison, the use of
multiple prediction windows, and interpretability given via SHAP anal-
ysis. By comparing six ML models: GBT, LightGBM, RF, XGBoost, LR,
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Fig. 3. SHAP plots of the top-12 features for the GBT models (1-year - 5-year prediction windows).
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Fig. 3. Continued

and AdaBoost, we established that the GBT model consistently outper-
formed others across all prediction windows. Notably, the GBT model
achieved its highest AUC-ROC score (0.833) for the 5-year prediction
window, outperforming shorter prediction windows. While prior stud-
ies have shown improved performance with shorter windows due to the
inclusion of recent data [23], our findings demonstrate that leveraging
a broader historical dataset enhances long-term predicted accuracy. To
our knowledge, this is the first study to employ a GBT model incorporat-
ing a comprehensive set of known ADRD risk factors to achieve robust
prediction 5 years before clinical diagnosis. This novel contribution un-
derscores the potential of ML models in advancing early detection and
intervention for ADRD.

This study highlighted the potential of informatics-driven ap-
proaches to analyze longitudinal EHR data, addressing methodological
gaps in previous studies. By maintaining a fixed dataset across predic-
tion windows, we captured broader trends and reduced overfitting to
short-term variations. The design supports scalability and generalizabil-
ity, providing a framework for developing ADRD prediction models in
other healthcare systems. Such innovations advance informatics by re-
fining how longitudinal data can be leveraged for predictive modeling
in chronic diseases.

Our study significantly contributes to clinical science by identifying
key risk factors for ADRD through SHAP analysis. Established factors
such as depressive disorder, heart disease, and age groups 80-90 yrs
and 70-80 yrs were confirmed, consistent with their known associations
with cognitive decline [52,53]. The SHAP analysis confirmed age as a
key ADRD risk factor, with its impact varying across groups. The 80-90
yrs age group had the strongest positive influence, followed by 70-80
yrs age group, aligning with research showing ADRD risk accelerates
beyond age 80 due to neurodegeneration, amyloid accumulation, and
vascular dysfunction [54]. Cognitive reserve may help individuals in the
60-70 yrs age group compensate for early pathological changes, delay-
ing ADRD diagnosis. The 60-70 yrs age group showed a more variable
influence, suggesting age-related effects are not uniform. Some individ-
uals may be in a preclinical ADRD stage, where pathological changes
exist but remain asymptomatic. Additionally, differences in healthcare
utilization and screening practices may contribute, as older adults (70+)
undergo more frequent cognitive assessments, leading to earlier diagno-
sis. These findings highlight the importance of age-stratified risk assess-
ments and the need for predictive models to account for age-related
ADRD risk variations. Further research should explore how comorbidi-
ties and lifestyle factors modify ADRD risk at different life stages.
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Depression reduces cognitive reserve, while heart disease impacts on
vascular health, both of which contribute to ADRD progression. Addi-
tionally, our findings highlight sleep apnea and headache as novel pre-
dictors, underscoring the potential role of chronic pain and sleep dis-
turbances in increasing ADRD risk. These insights challenge traditional
assumptions and create new opportunities to improve clinical screening
and intervention strategies.

Incorporating gender-specific risk factors in the study further en-
hances the clinical understanding of ADRD. For example, insomnia
emerged as a top predictor among men, aligning with research link-
ing sleep disturbances to cognitive impairment [55,56]. Additionally,
gender differences in healthcare prevalence and their association with
ADRD risk were emphasized, suggesting that sex-specific biological
mechanisms may influence disease onset. These findings advocate for
personalized approaches in ADRD prevention, moving beyond general-
ized strategies.

Interestingly, the absence of diabetes as a significant predictor in our
cohort diverges from previous studies [57-59]. This discrepancy high-
lights the variability of risk factors across populations and emphasizes
the importance of context-specific analysis. Our findings indicate that
factors like depressive disorder and heart disease may dominate in some
populations, prompting further exploration into how sociodemographic
and clinical characteristics modulate ADRD risk.

Informatics advancements are further demonstrated through the in-
tegration of SHAP analysis, which enhances model interpretability by
identifying feature importance. Unlike traditional black-box ML mod-
els, SHAP provides actionable insights into why specific predictions are
made, bridging the gap between advanced analytical and clinical utility.
For example, the identification of depressive disorder, sleep apnea, and
headache as critical predictors underscores the potential of ML-driven
tools to uncover previously overlooked relationships in EHR data. This
transparency fosters trust among clinicians and paves the way for inte-
grating ML models into routine care.

Clinically, early ADRD prediction enables proactive interventions
to delay disease progression. Lifestyle modifications, such as improv-
ing sleep hygiene, managing cardiovascular risk factors, and addressing
mental health issues, can significantly reduce ADRD risk. Our findings
reinforce the multifactorial nature of ADRD, where psychological, vas-
cular, metabolic, and demographic factors interact in complex ways. For
instance, while obesity has traditionally been considered a risk factor
for cognitive decline, its relationship with ADRD in our study was less
straightforward, suggesting that the metabolic health role in dementia
may involve unexamined mechanisms warranting further research.

Our findings have important implications for clinical and public
health interventions. Depression and cardiovascular disease, identified
as top predictors, have been consistently linked to increased ADRD risk,
highlighting the need for integrated mental and physical health man-
agement in aging populations [32,33]. Similarly, sleep disorders such
as sleep apnea, which emerged as a novel risk factor, have been associ-
ated with impaired cognitive function and amyloid accumulation [34].
These insights support the development of targeted screening programs
and behavioral interventions. Additionally, understanding demographic
variation in ADRD risk, such as stronger associations in older adults and
differences by sex, can inform the design of age and gender-sensitive
prevention strategies. Finally, integrating ML-based predictive tools into
clinical decision support systems can help providers in many ways.
For example, adjusting medication use such as avoiding anticholinergic
drugs, which are associated with increased risk of dementia [35], can
lead to improved patient outcomes. Also, identifying high-risk patients
earlier can enable personalized interventions such as timely supportive
care or supportive care for ADRD patients [36].

The implications of this study extend to healthcare policy and prac-
tice. Implementing automated prediction models in clinical settings
could facilitate earlier referrals to specialists, enabling timely diagnosis
and personalized care plans. These tools also provide researchers with
a robust method of identifying high-risk individuals for clinical trials,
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enhancing the efficiency of recruitment and the reliability of trial out-
comes. Moreover, combining short-term and long-term prediction mod-
els could optimize patient management by addressing different stages
of ADRD development, offering a comprehensive framework for disease
monitoring.

This study also sets the stage for advancing clinical science by pro-
viding evidence for novel risk factors, such as sleep apnea and headache,
which were not prioritized in previous studies [23]. Incorporating these
findings into future research could lead to the development of targeted
interventions, such as therapies for sleep disorders or chronic pain man-
agement, potentially mitigating ADRD risk. Additionally, the ability to
generalize our model across prediction windows without expanding the
dataset offers a replicable approach for other institutions seeking to uti-
lize EHR data for chronic disease prediction.

By incorporating diverse risk factors of ADRD, this study provides
critical insights into the multifaced nature of disease progression. The
findings reinforce the importance of using predictive models to guide
early detection and intervention for further research aimed at enhancing
the precision and application of ML models in clinical practice.

5. Conclusion

This study aimed to develop and validate ML models to predict ADRD
using de-identified EHR data from MU Healthcare in a retrospective
case-control study design. Among the models evaluated, the GBT model
consistently demonstrated superior performance across prediction win-
dows, achieving robust AUC-ROC scores and providing reliable predic-
tions, with its highest performance for the 5-year prediction window.
To our knowledge, this is the first study to leverage a GBT model in-
corporating a comprehensive set of ADRD risk factors to achieve such
long-term predictive accuracy.

SHAP analysis provided critical insights into key risk factors, includ-
ing established predictors such as depressive disorder, age groups 80-90
yrs and 70-80 yrs, heart disease, and anxiety, as well as novel contribu-
tors like sleep apnea, and headache. These findings emphasize the mul-
tifactorial nature of ADRD risk and highlight the potential of ML models
to aid clinicians in identifying high-risk patients. By enabling proactive
and targeted interventions, these models can improve patient outcomes,
enhance quality of life, and support personalized care strategies.

This approach, by enabling early detection, could optimize treatment
strategies, reduce healthcare costs, and advance the support available
to both patients and caregivers. Future work will focus on multi-center
studies to validate these models in diverse populations, integrate them
into routine clinical workflows, and further develop personalized screen-
ing and management strategies for ADRD.
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