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Abstract

Clinical trials were vital tools to prove the effectiveness and safety of medications. To 

maximize generalizability, the study sample should represent the sample population and the target 

population. However, the clinical trial design tends to favor the evaluation of drug safety and 

procedure (i.e., internal validity) without clear knowledge of its penalty on trial generalizability 

(i.e., external validity). Alzheimer’s Disease (AD) trials are known to have generalizability issues. 

Thus, in this study, we explore the effect of eligibility criteria on the AD severity patients and the 

severe adverse event (SAE) among the eligible patients.
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I. Introduction

Clinical trials, especially randomized clinical trials, were vital tools to prove the 

effectiveness and safety of medications. [1] In clinical trials, three major populations are 

involved: target population, study population, and study sample. The target population 

refers to the patients who benefited from the trailed medication. The study population 

is the patients that fulfill the eligibility criteria (EC). The study sample is the patients 

enrolled in the study. To maximum generalizability, the study sample should represent 

the study population and the target population. However, the clinical trial design tends 

to adopt eligibility criteria in favor of the evaluation of drug safety and procedure (i.e., 

internal validity). [2–4] Alzheimer’s Disease (AD) trials are known to have the issue of the 

mismatched study population and target population. [5–7] In this study, we seek to identify 

ECs that would lead to the mismatch in AD severity and the likelihood of experiencing 

severe adverse events (SAEs). In this process, we built an EC bank, extracted a cohort of 

AD patients with AD severity information, and explored the effect of ECs on AD severity 

and SAE with machine learning (ML) methods and SHapley Additive exPlanation (SHAP) 

values. The outline of our system is shown in Fig. 2.

II. Method

We extracted ECs from 13 phase III and IV AD trials on the safety and effectiveness of four 

FDA-approved AD medications. ECs were decomposed into study traits that each defines a 

single demographic (e.g., age, race-ethnicity), diagnoses (e.g., history of diabetes), lab test 

results (e.g., fasting glucose), or other measurement used to define the study population.

From the University of Florida Integrated Data Repository (IDR), we extracted a cohort of 

AD patients from 2012 to 2021. We measured AD severity with the Mini-Mental Statement 

Examination (MMSE) score (0–30, cognitive impairment < 25) [8] extracted from the 

clinical narratives with an NLP tool [9].

The SAEs reported by the drug label of the corresponding medication were extracted within 

the SAE observation window between the first prescription of the AD medication and the 30 

days after the last prescription (Fig. 3).

For each study trait, we extracted each patient’s eligibility based on their EHR and record 

them as study trait variables. The corresponding study trait variable will be coded 0 if the 

patient did not match the measurement described by the corresponding study trait and 1 

otherwise.

In our analysis, we first modeled the association between study traits & AD severity, and 

study traits & number of SAE events with three ML methods: extreme gradient boost 

regressor (XGBoost) [10], Adaboost regressor (Adaboost) [11], and support vector machine 

regressor (SVM) [12] stratified by age, sex, race, and ethnicity. We performed the analysis 

on a trial basis with the patients on the trialed medication in our AD cohort. Then, we 

calculated the SHAP value with the best-performed model. SHAP value is an artificial 

intelligence (AI) explanation tool that measured the contribution of each variable to the 

change in the outcomes. [13] With the SHAP value, we could quantify the change that study 
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traits imposed on AD severity (measured by MMSE score) and the number of SAEs. The 

study traits with major effects on AD severity and the number of SAEs were identified with 

the mean absolute SHAP value.

III. Results

In total, we extracted 1,024 AD patients with MMSE scores. The average age of our AD 

cohort was 80.63 years with the majority being female patients (64.7%). Regarding race and 

ethnicity, most of the patients were white (76.7%) and non-Hispanic (94.7%) (TABLE I).

We excluded the trials that contains too few patients and analyzed the eligibility criteria 

from 4 trials: NCT00097916, NCT00235716, NCT00305903, and NCT00478205. The 

SHAP values were calculated based on the XGBoost models as it outperformed the rest 

in all 4 trials on mean absolute error.

From NCT00097916, we identified 5 study traits (shown in Fig, 4, i.e., mental disorder, 

disorder of endocrine system, kidney disease, Donepezil prescription, and liver disease) 

affecting the AD severity of the patients, and 7 study traits (shown in Fig, 5, i.e., disorder 

of coronary artery, peripheral nerve system, drug dependence, cardiac dysrhythmias, renal 

failure, transient ischemic attack, diabetes, and asthma) related to the number of SAEs 

(absolute SHAP value > 0.1).

From NCT00235716, we identified 3 study traits (shown in Fig, 6 and Fig. 7, i.e., delirium, 

vitamin B12 deficiency, and Donepezil prescription) affecting both the AD severity and the 

number of SAEs (absolute SHAP value > 0.1).

From NCT00305903, we identified 5 study traits (shown in Fig, 8 and Fig. 9, i.e., kidney 

disease, disorder of endocrine system, myocardial infarction, disorder of respiratory system, 

and disorder of digest system) affecting both the AD severity and the number of SAEs 

(absolute SHAP value > 0.1).

From NCT00478205, we identified 8 study traits (shown in Fig. 10, i.e., kidney disease, 

Benzodiazepine prescription, Memantine prescription, disorder of endocrine system, 

disorder of respiratory system, sleep disorder, urinary incontinence) affecting the number 

of SAEs (absolute SHAP value > 0.1).

IV. Conclusion

In this study, we identified 14 unique study traits that affected the patients’ AD severity and 

20 unique study traits that affected the number of SAEs. This analysis served as the first step 

in the development of a future system to guide AD clinical trial design.
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Fig. 1. 
Populations in the clinical trial.
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Fig. 2. 
System outline
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Fig. 3. 
SAE observation window.
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Fig. 4. 
Absolute SHAP value of variables on AD severity in NCT00097916
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Fig. 5. 
Absolute SHAP value of variables on SAE in NCT00097916
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Fig. 6. 
Absolute SHAP value of variables on AD severity in NCT00235716
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Fig. 7. 
Absolute SHAP value of variables on SAE in NCT00235716
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Fig. 8. 
Absolute SHAP value of variables on AD severity in NCT00305903
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Fig. 9. 
Absolute SHAP value of variables on SAE in NCT00305903

Chen et al. Page 13

Proc (IEEE Int Conf Healthc Inform). Author manuscript; available in PMC 2024 July 26.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://clinicaltrials.gov/ct2/show/NCT00305903


Fig. 10. 
Absolute SHAP value of variables on AD severity in NCT00478205
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TABLE I.

The demographic of the AD cohort with mmse

AD patient with MMSE (n = 1,026)

Age (SDa) 80.63 (9.40)

Sex

female (%) 664 (64.7%)

male (%) 362 (35.3%)

Race

White (%) 787 (76.7%)

Black (%) 191 (18.6%)

Other (%) 39 (3.8%)

Unknown (%) 9 (0.9%)

Ethnicity

Hispanic (%) 42 (4.1%)

Non-Hispanic (%) 972 (94.7%)

Unknown (%) 12 (1.2%)

a.
SD: standard deviation.
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