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Introduction 

Alzheimer’s disease (AD) is a growing public health crisis. The number of people affected 

is projected to triple by 2050; consequently, intense research has focused on understanding the 

disease pathology (Nichols et al., 2022). AD is characterized by the progressive accumulation of 

beta-amyloid (Aβ) plaques and tau proteins that lead to cortical atrophy and cognitive impairments 

(Jack et al., 2010; Selkoe & Hardy, 2016). Recent studies have shown that amyloid and tau 

deposition precedes structural changes and clinical symptoms by decades (DeTure & Dickson, 

2019). Therefore, it became possible to detect and predict AD pathology in cognitively normal 

(CN) older adults using biomarkers. 

Screening methods such as positron emission tomography (PET) are often utilized to 

identify the presence of in vivo biomarkers. However, given their time-consuming, expensive, and 

invasive nature, artificial intelligence (AI) algorithms can pre-screen a population of CN older 

adults to identify high-likelihood individuals based on socio-demographic or clinical data. 

There are several advantages of early AD detection and diagnosis. Beyond resolving 

one’s uncertainty about AD risk, early diagnosis permits future planning related to housing 

situations and potential caregivers and encourages a change of unhealthy lifestyle (Hughes et al., 

2017; Vanderschaeghe et al., 2019). However, the ethical dilemma arises from the fact that, 

despite recent signs of progress, there is no disease-modifying treatment for AD (Tampi et al., 

2021; Whitehouse, 2022; Yiannopoulou et al., 2019). Therefore, since knowing one’s risk does 

not alter the disease progression, a disclosure may lead to unwarranted psychological distress. 

Given the lack of standardized guidelines, this paper proposes an ethical framework based 

on the four bioethical principles - autonomy, beneficence, non-maleficence, and justice - to assist 

physicians and ethical committees in making informed decisions on whether to offer and disclose 

the early diagnosis to CN older adults. I will outline specific conditions under which AI-aided 

prediction should be offered to CN individuals and discuss additional considerations that must be 

addressed for the ethical implementation of AI-aided AD prediction. 

The Current State of Research 

AI-aided AD prediction has already reached an advanced stage. Deep learning algorithms 

have achieved almost maximum accuracy, sensitivity, and specificity when classifying patients 

with AD from CN controls (Spasov et al., 2019). Neuroimaging modalities such as magnetic 

resonance imaging (MRI) are often used in conjunction with AI, given the ability of AI to detect 



subtle changes in brain scans (Petrone et al., 2019). However, recent trends have focused on 

employing non-imaging data to address the expensive and inaccessible nature of many 

neuroimaging technologies, achieving high predictive performance with commonly available 

socio-demographic and clinical measures (Insel et al., 2016; Hahn et al., 2020). Traditionally, AI-

aided AD prediction focused on classification problems, such as classifying individuals into 

various stages of AD (CN, mild cognitive impairment, AD dementia) and differential diagnosis of 

AD from other neurodegenerative diseases (Jo et al., 2019; Raamana et al., 2014). However, the 

growing emphasis on primary prevention strategies has led to the movement of AI technology 

toward predicting the presence of biomarkers such as amyloid and tau in the CN older population 

(Mielke et al., 2012). 

The Bioethical Framework 

This paper organizes serious ethical implications raised by AI-aided AD prediction using 

the framework based on four bioethical principles: autonomy (make an informed and free 

decision), beneficence (bring benefits), non-maleficence (avoid harm), and justice (ensure fair 

distribution of resources). 

i. Autonomy 

The medical literature identifies two distinct scenarios when discussing autonomy: a 

patient who autonomously requests a predictive test and a patient who is offered a test (Ursin et 

al., 2021). In the first case, the patient’s request is often granted based on the right to know. 

Patients have the right to know their own medical condition, which is a prerequisite to making 

informed future decisions. In the second case, a physician must weigh their negative duty not to 

impose unwanted information and their positive duty to inform. Empirical data suggest that the 

majority of people (56.1%) want to know whether they will develop AD, yet a substantial number 

(9.8%) did not want any information (Lenk et al., 2019). For these individuals, involuntarily testing 

and disclosing the results would violate their autonomy and the right not to know. Therefore, a 

physician should share the benefits of advanced planning and let the patient know about the 

diagnostic possibilities without coercing a test. 

The patient’s decision is the primary factor in autonomy. For instance, diagnostic 

information should not be released to relatives without the patient’s consent, whether or not the 

decision coincides with the family’s wishes (Vanderschaeghe et al., 2018). Therefore, the concept 

of autonomy relies on the patient’s capacity to deliberate a course of action, which necessitates 

the evaluation of competency in patients. 

ii. Beneficence 

Beneficence involves providing benefits and balancing risks and benefits to produce the 

best result. In this risk-benefit analysis, beneficence represents the benefit side of the equation, 

while non-maleficence represents the risk side. Thus, beneficence and non-maleficence should 

be considered in conjunction. There are several ways in which early diagnosis could benefit the 

patient. The awareness of having AD without dementia allows patients to prepare for the future, 

participate in clinical trials, or retire early and enjoy life (Smedinga et al., 2018). Some studies 



have reported that the absence or even presence of AD pathology could bring positive 

psychological impact by reducing uncertainty (Roberts et al., 2013; Lilamand et al., 2020). 

In many situations, beneficence is often challenged by autonomy, and when these 

principles are in conflict, autonomy is often prioritized (Lawrence, 2007). This is because 

determining “good” is a personal decision, so the patient’s conception of good may differ from that 

of the physician or the family. Without the patient’s consent, it is impossible for a physician to act, 

no matter what they believe is the “best” for the patient. Therefore, it is crucial to inform the 

patients of the possible benefits without imposing any actions. 

iii. Non-maleficence 

Captured in the phrase primum non nocere (first, do no harm), non-maleficence involves 

avoiding harm. Disclosing an early AD diagnosis can cause personal and social harm. There is 

an increased risk of adverse psychological outcomes such as fear, anxiety, and depression, as 

well as possible catastrophic reactions such as suicide (Johnson & Karlawish, 2015; Erlangsen 

et al., 2020). For these reasons, physicians should consider the patient’s psychological coping 

skills; postposing either diagnosis or disclosure may override the respect for temporary autonomy 

and the right to know if the patient is in strong distress. Furthermore, individuals diagnosed with 

AD have reported various public stigma ranging from patronizing attitudes to social distancing, 

which could lead to self-stigma in the form of shame and inferiority (Stites et al., 2018). AD 

diagnosis could also affect the patient’s professional position, legal status, and civil rights (driving 

and voting) (Milne & Karlawish, 2017). Therefore, it is imperative to appraise whether the benefits 

(beneficence) outweigh the adverse effects (non-maleficence). High-quality counseling and 

support systems could mitigate the negative patient perceptions of the diagnosis results, while a 

governmental education protocol and program may be needed to alter the public attitude and 

combat stigma. 

iv. Justice 

AI technology should be distributed justly among the stakeholders not to exacerbate 

inequality. There are worries related to possible disparities in access to AI-aided AD diagnosis. 

Smaller hospitals and academic departments may lack the technology, skills, and resources to 

manage complex AI systems, and these systems will most likely be proprietary to large academic 

or private healthcare entities (Geis et al., 2019). The healthcare scarcity may also lead to ethical 

tensions between individual and societal needs; limited resources would prevent performing AD 

predictive tests for the purpose of satiating individual curiosity, calling for the establishment of 

criteria (e.g., AD family history) for testing CN older adults. Moreover, efforts must be made to not 

further the structural injustices by continuing to disadvantage marginalized groups. For instance, 

a risk may arise if the AI algorithm was built upon data not representative of the patient in question, 

which would lead to questionable diagnostic results and concerns about the generalizability of the 

model for underrepresented populations (Olin et al., 2002). 



Recommendations 

The present paper adapted the already developed guidelines regarding a predictive test 

for Huntington’s disease in presymptomatic individuals to formulate guidelines for an AI-aided AD 

predictive test in CN older adults (Went, 1994): 

1. Individuals must be provided relevant information and counseling to make an informed, 

voluntary decision. 

2. Individuals must deliberately choose to take the test without coercion from third parties. 

3. Individuals must have reached the age of majority and be approved by a physician as 

psychologically capable of coping with the diagnosis. 

4. CN individuals must meet one of the following criteria: subjective memory complaint, AD 

family history, and other reasons that a physician deems valid. 

5. All individuals, regardless of their financial situation, must be able to take the test. 

6. Individuals must not be discriminated against as a result of the predictive test. 

Looking Forward 

Additional considerations must be noted in conjunction with the aforementioned 

recommendations. Firstly, given the recency of integrating AI into medical diagnosis, the ethical 

debate surrounding “what to tell the patient” is in its infancy (Cohen, 2019). Fundamental 

questions such as whether patients even have to be informed that AI is involved in the diagnostic 

process have yet to be answered. Respect for autonomy requires transparency. Therefore, 

information disclosure should be standardized. Items such as the risk of algorithmic mismatch 

(false-negative and false-positive diagnoses), risk of algorithmic bias, and whether and how the 

patient’s data might be used in the future have been suggested as important information to 

disclose to the patients (Ursin et al., 2021). The present paper also proposes including a detailed 

explanation of the algorithm, from inputs and outputs to a schematic overview, for the patients. 

Studies have shown that patients who learned that their elevated biomarker level increases the 

risk of AD wished to know how a dimensional biomarker was turned into the categories “elevated” 

or “not elevated” (Stites et al., 2018). Therefore, patients should be given information regarding 

what the algorithm is doing and why it is doing it with reference to sound medical principles and 

knowledge. High-quality counseling is also recommended to facilitate the communication and 

understanding of the information, and if the diagnosis process is fully automated, patients should 

be informed about their right to a second opinion from a physician. 

Secondly, despite the computational capacity of AI technology to reduce human errors, 

physicians are reluctant to implement AI into the diagnostic process (Graham et al., 2020). The 

main reason is the lack of explainability in AI algorithms, especially deep learning (DL) models. 

DL systems are said to be “theory agnostic” (London, 2019). Their developers do not program 

into them a model that reflects the causal structure of the problem to be solved; instead, they 

implement an architecture that “learns” a model from a data set. Consequently, the decision-

making process of DL models can be a black box and inscrutable to humans, leading to a general 

lack of trust among physicians in the results of the DL models. To increase transparency, the 

recent movement to develop Explainable AI (XAI), which produces interpretable models that allow 

users to understand the systems, could not only enhance the physicians’ confidence in the 

diagnostic results but also improve the communication of information from physicians to patients 



(Gunning et al., 2021). However, at the same time, this does not mean that researchers and 

physicians should prioritize explainability over diagnostic accuracy, especially in domains such 

as AD pathology, where our knowledge of the underlying causal systems is incomplete. The 

principal aim should be to reduce the number of misdiagnosed patients, so interpretability should 

not be prioritized over accuracy. 

Lastly, there must be a unified vocabulary and agreement regarding what is considered 

“having AD.” Traditionally, AD has been deemed a clinical-pathological entity, where the notion 

of having AD implied the manifestation of clinical symptoms. However, in 2018, the US National 

Institute on Aging-Alzheimer’s Association (NIA-AA) workgroup proposed the definition of AD as 

a biological entity, where the presence of Aβ and tau pathology was categorized as having AD, 

regardless of clinical symptoms (Jack et al., 2018). While this definition has benefits within a 

research setting, especially for recruiting people to clinical trials in the early stages of the disease, 

the diagnosis of asymptomatic people as having AD has clear shortcomings in the clinical setting, 

such as uncertainty about the prognosis and complex judgment about communicating results 

(Jagust, 2021). Therefore, the present paper recommends the adoption of the definition of AD as 

a clinical-biological entity proposed by the International Working Group (IWG), where biomarker-

positive CN individuals are considered only “at-risk” or “probable” rather than being seen as 

“having AD” (Dubois et al., 2021). The change in terminology can alleviate the adverse 

psychological reactions and mitigate the stigma and discrimination resulting from the diagnosis. 
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