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Abstract

Personas are a particularly useful testing tool for
storytelling robots for people with dementia (PwD)
because they offer an alternative to direct user in-
volvement, which is often limited by recruitment,
privacy, and consent-related challenges. The man-
ual creation of realistic personas is often com-
plex and time-intensive, whereas pretrained large
language models (LLMs) offer a promising alter-
native due to their impressive zero-shot and in-
context role-playing performance. This study in-
vestigates whether commercially available LLMs
can accurately simulate personas of PwD for use
in testing of a storytelling robot for PwD. To this
end, we developed a custom probabilistic system
based on a single prompt chain composed of mul-
tiple few-shot and zero-shot prompts, along with
an independent storage system for custom mem-
ory manipulation. The simulated personas under-
went repeated assessments using the Mini-Mental
State Examination (MMSE), a standardized assess-
ment for evaluating memory, comprehension, and
executive function. Results demonstrated statis-
tical similarity to real scores and indicated that
LLM-based personas can closely mirror many of
the cognitive profiles characteristic of these condi-
tions: early-stage Alzheimer’s personas exhibited
marked impairments in recent memory, late-stage
Alzheimer’s personas showed significant global
cognitive impairment, and vascular dementia per-
sonas displayed relatively preserved memory but
reduced executive functioning. These findings in-
dicate that pretrained LLMs possess the capability
to simulate accurate personas of PwD to a signifi-
cant extent.

1 Introduction

Dementia refers to a range of medical conditions that disrupt
an individual’s memory and thinking abilities, resulting in a
loss of self-worth and difficulty in emotional expression and
socialization. It currently affects more than 55 million people
worldwide [27]. Although no cure for this condition exists
yet, research has shown that involving people with dementia
(PwD) in meaningful activities such as art therapy can have
significantly positive effects in multiple areas, particularly in
improving the PwD’s sense of self-worth [5]. Furthermore,
the benefits of such activities can be further enhanced by in-
volving the patient’s relatives, as this encourages interaction
and positive experiences [43].

Until now, these meaningful activities have required the
presence of a trained carer, who guides the activity and en-
gages patients in it. However, with recent advancements, such
as the increasing adoption of social robots like Pepper for pro-
viding companionship to PwD [45], a promising vision has
emerged regarding the potential of social robots to facilitate
meaningful activities alongside carers.

Among these meaningful activities, art therapy using sto-
rytelling stands out as a particularly promising area for social

robots to facilitate. Not only has storytelling been shown to
have a positive impact on people with dementia [2] [10] [39],
but it also aligns well with social robots’ ability to create and
adapt narratives based on feedback and consistently interact
with users, making them especially well-suited to guide such
activities.

In light of these findings, the overarching project that this
research is part of aims to explore the untapped potential of
social robots to engage people with dementia in meaningful
activities such as art therapy using storytelling. By integrating
storytelling capabilities into these robots and involving family
members in the activities, the ultimate goal is to improve the
care provided to people with dementia by encouraging them
to communicate and share their joy with their loved ones.

To realize this vision, it is crucial that the developed sys-
tem undergoes extensive evaluation to ensure its effectiveness
and safety. However, involving real participants in the test-
ing process presents numerous challenges due to the inherent
difficulties in recruiting and engaging PwD in studies, their
limited capacity to provide informed consent, and privacy-
related concerns [17]. Consequently, research into simulating
real participants for the purpose of conducting Persona Test-
ing, that is, testing based on artificial but representative user
profiles, is warranted.

Historically, the manual creation of representative user per-
sonas has often proven to be a complex task across various
domains. Given these challenges, Large Language Models
(LLMs) have emerged as a promising tool for simulating ar-
tificial user personas due to their impressive zero-shot per-
formance and in-context learning (ICL) capabilities, which
enable them to role-play different personalities based on
prompting without the need for retraining [18]. While LLMs
have been utilized in past studies to simulate personas cor-
responding to a wide range of attributes and demographics
[18] [1], an important knowledge gap remains regarding their
potential to simulate personas of individuals suffering from
dementia.

Consequently, this specific research aims to explore the
question of whether it is possible to simulate accurate per-
sonas of people with dementia (PwD) using commercially-
available, pretrained LLMs. Ultimately, the goal of these
personas is to provide a foundation for applications such as
testing a storytelling robot for people with dementia.

2 Related Work

2.1 Personas

In the context of Human-Computer Interaction (HCI), per-
sonas are defined as artificial representations of specific types
of target users [20]. Personas may be designed, depending on
the nature of their intended use, to capture a diverse range of
user characteristics, such as their demographics, goals, tastes,
and behaviors [21]. Personas can be used both in the design
and testing phases of software to ensure that the actual needs
of the target users are actively taken into consideration during
the design and validation phases [21].

The adoption of personas may be favored over direct user
involvement during the design and testing phases of novel
software solutions, as persona development and application



can, in some cases, offer a more time- and cost-efficient alter-
native [13]. This approach is particularly valuable when tar-
geting underrepresented or specialized user populations, such
as individuals affected by specific health conditions, where
recruiting actual participants poses practical, medical, or eth-
ical challenges.

In this context, numerous studies describe personas based
on specific medical conditions, used in the development pro-
cess of new applications. Williams et al. Williams et al.
[42] employ empirical data, interviews with designers and
health professionals, and a co-creation framework with pa-
tients to create personas of people living with HIV as part
of the HealthMap project, aimed at exploring how digital
health solutions can improve their lives. These personas were
subsequently evaluated based on designer feedback regarding
their perceived usefulness and influence on the design choices
made. Similarly, Sustar et al. [36] report using personas of in-
dividuals with Type 1 diabetes to develop a comparable appli-
cation, while Bourazeri and Stumpf [3] developed personas of
people with dementia and Parkinson’s disease to support the
design of smart home solutions. In both studies, a co-creation
method with patients was employed, however the evaluation
was limited to the co-creation process itself.

Despite their advantages however, crafting informative and
accurate personas has been a longtime challenge. Designers
risk the possibility of allowing their own personal biases to
interfere with their work, therefore producing personas that
don’t accurately represent the intended user archetypes [16].
Furthermore, significant skill and experience are required on
the designers’ end to capture the nuances of user behaviors
and avoid the risk of overgeneralization, which would result
in personas not being used effectively during development
[23]. Finally, persona creation requires designers to amass a
significant amount of representative data beforehand on their
target user groups, which, in the case of underrepresented
user groups, can once again be challenging to come by [29].

There have been numerous proposals about how to address
the aforementioned challenges involved with the manual cre-
ation of personas. For instance, co-created personas [3] is a
design framework that actively involves individuals from the
target user groups in their design of personas alongside de-
signers. More recently however, advancements in machine
learning and artificial intelligence have introduced novel ap-
proaches for simulating realistic user personas: Large Lan-
guage Models.

2.2 Automated Persona Generation using LLMs

Large Language Models (LLMs) are artificial intelli-
gence systems that generate natural language by itera-
tively sampling from a conditional probability distribution
p(xy|x1, ..., xn_1), predicting each token based on its pre-
decessors within a fixed corpus [38].

To achieve their high performance, modern LLMs are
trained on vast datasets of textual data using self-supervised
learning and incorporate billions to trillions of parameters.
These parameters determine how the model weighs different
possibilities when predicting the next token in a sequence.
Generally, a model’s performance scales positively with the
number of parameters, as well as the size and diversity of its

training dataset [14]. This improved performance allows the
model to generalize better to previously unseen tasks, adapt to
specific domains, and enhance in-context learning and zero-
shot performance, that is, the ability to execute tasks without
retraining or prior exposure to labeled examples of those tasks
[4].

Due to their capabilities in these areas, LLMs have demon-
strated impressive results in role-playing scenarios. Conse-
quently, they have emerged as a promising tool for simulat-
ing a diverse range of artificial user personas, not by retrain-
ing a model from scratch but through the process of prompt-
ing. Prompting involves providing a specific set of tokens
Z1,...,Zy to amodel to intentionally influence the next pre-
dicted token x,, 1. This approach allows users to guide an
LLM’s output through directions written in natural language
[4].

Following this paradigm, Argyle et al. [1] prompt GPT-
3 with detailed demographic backstories to simulate popula-
tions with different political beliefs. They evaluate the results
based on whether the simulations replicate known patterns
in human data (e.g. voting trends) and whether humans can
distinguish between real and simulated outputs, highlighting
the nuance and complexity of the responses. On the other
hand, Ma et al. [18] use less descriptive prompting techniques
to create personas representing individuals with varying age,
gender, and education levels. The outputs generated by these
personas were then compared to those of real participants to
assess their potential for producing tailored discharge sum-
maries for patients leaving intensive care.

The capabilities of LLMs have been so promising in this
area that research has extended beyond specific applications
into generalized prompting methodologies. Paradigms such
as the Persona Pattern [41] provide structured methodologies
for prompting LLM:s to role-play a wide range of identities.
The Persona Pattern has since evolved into more advanced
frameworks, such as the Contextual Depth Enhancement Pat-
tern [33], which aims to improve the plausibility of simu-
lated personas by extending their context through goals, con-
straints, and backstories.

2.3 Dementia Symptoms

Table 1 summarizes the types and severities of many of the
most prominent symptoms observed in early- and late-stage
Alzheimer’s disease (AD) and vascular dementia (VaD), two
major forms of dementia, based on findings from the medical
literature.

Alzheimer’s disease is caused by the abnormal buildup of
protein deposits in the brain, which inhibits communication
between neurons and eventually leads to cell death [8]. In the
early stage, the disease is characterized by mildly impaired
recent memory, which comprises information about recent
events retained over a period of a few hours to a few days
[31]. In contrast, remote memory, which refers to informa-
tion about distant events retained for months to years, remains
almost completely intact [31]. People suffering from Early-
stage AD may also occasionally suffer from emotional insta-
bility, manifesting as sudden mood swings, mainly depres-
sion and irritability [12]. This is often linked to their self-
awareness of cognitive decline, which in turn may damage



Pattern Type of Dementia
AD VaD
Stage of Dementia
Early Late
STM Impairment Mild | Impaired Mild
LTM Impairment Intact | Impaired Mild
Aphasia Mild | Impaired Mild
Anomia Mild | Impaired Mild
Disfluencies Mild | Impaired Mild
Circumlocutions Mild | Impaired Intact
Nonsensical speech Intact | Impaired Intact
Ungrammatical speech | Intact | Impaired Mild
Speech repetition Intact | Impaired Intact
Emotional instability | Mild | Impaired | Impaired
Hallucinations Intact Mild Intact

Table 1: Overview of type and severity of symptoms per simulated
Dementia type and stage

their self-worth and lead to feelings of self-loathing [5]. Lin-
guistic symptoms at this stage remain relatively mild. Apart
from occasional speech fillers (e.g., “umm,” “ehh”), some
may experience difficulties understanding more complex sen-
tences or retrieving rarely used words, but their speech re-
mains fluent overall [37] [15].

In late-stage AD, almost all of the aforementioned symp-
toms become severely impaired. At this stage, PwD tend to
struggle to remember what they did or said just seconds prior,
leading to frequent speech repetition [37]. Memory loss ex-
tends to more distant autobiographical memories, and PwD
often forget basic information about themselves, including
the names and faces of their own relatives [31]. Their speech
becomes significantly shorter, less fluent, and ungrammatical,
often devolving into nonsensical sentences and a struggle to
express even basic ideas [37] [15]. Finally, some individuals
at this stage have been reported to occasionally experience
hallucinations, often involving deceased relatives or events
from distant periods in their lives, such as their childhood [7].

The last dementia type simulated, vascular dementia
(VaD), is caused by brain cell damage due to reduced blood
flow, often as a result of strokes [24]. It differs from AD in
that its progression is stepwise rather than gradual, and its
symptoms vary significantly more between individuals, de-
pending on the location of vascular damage in the brain [34].
However, some symptoms are generally shared among indi-
viduals suffering from VaD. Specifically, VaD involves mem-
ory defficits, however they tend to be less pronounced than in
AD [22]. Some comprehension difficulties and disfluent or
ungrammatical speech are common, though speech rarely be-
comes repetitive or nonsensical [19]. Lastly, it is notable that
people with VaD often suffer from emotional instability, as
previously described. This is due to damage in specific areas
of the brain, particularly the frontal lobes [35].

3 Methodology

3.1 Selection Criteria for Simulated Dementia
Personas

One of the main design goals when creating personas is to
ensure they are as representative of the target user groups as
possible [20]. Therefore, from the outset of this research, it
was crucial to establish the key factors by which personas of
people with dementia (PwD) should vary in terms of their
symptoms and severity, to ensure that the final simulation is
sufficiently representative and granular.

As previously mentioned, dementia encompasses a range
of conditions, the most prevalent being Alzheimer’s disease
(AD), vascular dementia (VaD), Lewy body dementia, and
frontotemporal dementia. These types of dementia are gener-
ally categorized by their stage or severity. While PwD vary
based on demographic factors such as age and gender, just
as healthy populations do, the most crucial determinants of
symptom type and severity are the stage and type of demen-
tia. These factors are the most relevant to our study, as they
directly shape the modeled behavior of our personas.

Since AD and VaD collectively account for more than 80%
of dementia cases worldwide [11], we decided to limit our
modeling to these two types to balance representation quality
and time constraints. Similarly, we chose to model different
stages of dementia only for AD, as the progression of VaD is
less well-defined. This is because VaD progression depends
on underlying vascular damage rather than a uniform neu-
rodegenerative process like in AD [26].

In summary, we will model three distinct personas: early-
stage AD, late-stage AD, and a general simulation of VaD.

3.2 Main Design Decisions

We decided to use Google Gemini 2.5 Flash [9] as our LLM
of choice with its default parameters via the web API, due
to its high performance and low cost. Prompting the LLM
to ensure that each simulated persona accurately captures the
range and severity of symptoms according to the specified
criteria was one of the first implementation challenges we
encountered. Attempting to encapsulate all these specifica-
tions within a single prompt by framing them as alternative
response directives for the LLM based on user input, resulted
in overloaded, unwieldy prompts. These prompts proved in-
effective during initial testing, as their size and complexity
introduced excessive noise.

To address this challenge, we adopted the Chain-
Prompting paradigm introduced by Wu et al. [44], which
allowed us to divide the overarching task of simulating peo-
ple with dementia (PwD) into subtasks, each handled by a
separate prompt. These prompts were then chained together
to generate the final persona response, as pictured in Figure
1. This approach was expected to reduce prompt noise and
enhance context retention, ultimately leading to greater re-
sponse accuracy.

Finally, with the same goal of ensuring our personas func-
tion effectively as testing tools, we initially decided to rep-
resent the severity of modeled symptoms using probability
distributions. These distributions determined the likelihood
of selecting a given response from the alternative response



Persona
parameters/weights

User/System input

“What did you eat
lunch? Did you like it?’

“What did you eat yesterday for
lunch?”

1. Memory distortion

- Today, you ate fish soup for
Tun

+ Yesterday, you ate rice for
dinner.

+ You don’t remember what you
ate for lunch today.

« Yesterday, you ate meat for
Tunch.

3. Response generation

4. Memory update

ﬁ New input: But you ate rice for
dinner yesterday, not meat...

- Relevant memory: Yesterday,
you ate meat for lunch.

» Input: What did you eat
yesterday for lunch

“Oh, yesterday I eats... that New memories:
thing... what was it called again?

Meat? Yes, I think that's it...”

You don’t remember what you

ate for lunch today.

Yesterday, you ate rice for
lunch.

Final persona response

Figure 1: Overview of architecture and prompt chain.

directives, which were embedded into the prompts. However,
this approach proved problematic during initial testing, as the
model did not consistently adhere to the probability distribu-
tions provided, leading to inaccurate symptom severity simu-
lation. To resolve this, we separated the weighted probability
rolls from the prompts themselves, conducting them in-code
instead. The final prompt was then dynamically constructed
to include only the selected alternative response directives,
a process pictured in Figure 2. As a result, unwanted non-
determinism was mitigated, and prompt length, and therefore
noise, was further reduced.

The outcome of these key design decisions is the architec-
ture pictured in Figure 1.

3.3 Architecture overview

In the first part of the Prompt Chain, pictured in Figure 1,
we handle all symptom simulations related to the impaired
memory recall characteristic of dementia. Here, the LLM is
prompted to either distort or discard part or all of the existing
memories, a process determined by the weighted probability
roll that occurs beforehand. The weights used for this roll
depend on the type and stage of dementia being simulated,
the classification of a memory as either recent or distant, and
the stability of the memory, that is, a value assigned to each
memory that represents its resistance to distortion. This sta-
bility value is considered at multiple stages throughout the
process and is set manually by the operator before the simu-
lation begins. The stability values of all memories used in our

experiments are given in Appendix B

The second part of the Chain is not always executed, as it
depends on the results of the preceding weighted probability
roll, which determines whether the persona should misinter-
pret the user input. This step simulates the symptom of apha-
sia, with the likelihood and severity of the misinterpretation
based on the type and stage of dementia being simulated. If
an input is to be misinterpreted, a separate LLM is prompted
via a zero-shot prompt to distort part or all of it before for-
warding it to the next stage.

The third part of the chain is the most crucial, as its output
forms the final response of the model. At this stage, the LLM
generates a reply to either the misinterpreted or intact version
of the input, using the memories distorted in Step 1. A variety
of symptoms may be simulated here: the persona might pro-
duce an appropriate response or, alternatively, repeat itself,
lose focus, or hallucinate (see prompts in subsection A.1 of
the Appendix). Regardless of the selected behavior, varying
levels of speech disfluency are incorporated into the final re-
sponse (see subsection A.5 of the Appendix), along with, po-
tentially, signs of emotional instability such as depression or
irritability (see subsection A.6 of the Appendix). Once again,
the selection of these behaviors is dictated by weighted prob-
abilities based on the type and stage of dementia.

Finally, Step 4 is the only one that does not affect the cur-
rent output but influences subsequent runs. In this step, the
LLM considers the entire conversation context and updates
the stored recent and distant memories accordingly. New in-
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Figure 2: Probabilistic system prompt construction.

formation introduced throughout the exchange may be per-
sisted as a new memory, while existing memories may be up-
dated based on corrections made to them in the input text or
reset to their initial states prior to any distortions applied dur-
ing the simulation. This process simulates the cognitive be-
havior of a person with dementia (PwD), where corrections to
their memories, whether distorted or intact, may be accepted
or rejected by the individual, only for them to potentially for-
get those corrections and repeat previous memory errors as
the exchange unfolds.

3.4 Memory Management

Given the significance of impaired memory as a symptom of
dementia and our research’s overarching goal of serving as
a testing framework for PwD, we placed additional focus on
how memories should be stored, distorted, and updated in our
persona simulations. Ultimately, we decided to loosely adopt
a data structure similar to the one developed by Packer et al.
[30] as part of the MemGPT project. In their implementation,
the LLM context is enriched by a persistent, long-term mem-
ory data structure that stores statements representing memo-
ries. In this system, memories are created, recalled, and ma-
nipulated based on ongoing exchanges, originally designed to
significantly extend the limited context window of LLMs. An
interesting showcase would be an LLM automatically storing
the user’s birthday when mentioned during a conversation,
enabling it to retrieve that information later, even if at that
point it’s no longer present in the limited context window.

In our implementation, however, this solution was adapted
to separate the persona’s memories from the LLM context,
providing greater control over them in a non-deterministic
manner. This separation allows us to distort or forget existing
memories based on their stability at Stage 1 of our Prompt
Chain in Figure 1 to simulate forgetfulness, as well as to up-
date them based on the last exchange at Stage 4. Addition-
ally, operators can embed specific recent and distant memo-
ries into personas before the simulation begins, enabling con-
trol over other persona characteristics such as age, gender,
and background, which are essential for representing a suffi-

cient range of test cases.

3.5 Parameters

As established in previous subsections, the type and severity
of symptoms simulated by our personas vary through mul-
tiple weighted probability rolls, powered by a collection of
predefined parameters. Each parameter represents either a
probability distribution or a single weight, pairing a specific
response directive with the likelihood of its selection in a
given run. This design choice enhances our implementation’s
modularity and effectiveness as a testing tool, enabling oper-
ators to effortlessly add new symptoms and adjust the sever-
ity of existing ones. This flexibility allows them to simulate
a broader range of dementias beyond those already imple-
mented.

These parameters govern how nearly all simulated symp-
toms manifest in speech. For example, linguistic disfluency
symptoms may appear as the use of simpler synonyms, cir-
cumlocutions to convey an intended meaning indirectly, or
the replacement of complex words with related but contex-
tually incorrect terms. In our system, these three alternative
response directives are each assigned a weight and used in a
weighted probabilistic roll, the result of which alters the sys-
tem prompt in the Response Generation step, as illustrated in
Figure 2. Additionally, the weights assigned to each directive
differ between, for example, early- and late-stage AD, with
the latter requiring higher values to accurately model the ad-
vanced deterioration of language.

Since the specific types of parameters used in our imple-
mentation are proprietary, their values were not derived from
any specific literature. Instead, the weights of each response
directive within a parameter were manually tuned relative
to one another to reflect the symptom severity described in
2.3. Further adjustments were made through manual testing
to achieve the same objective. Illustrative examples of tran-
scripts from testing sessions using the finalized versions of
our personas are included in Appendix D, along with a sum-
mary of all observed dementia symptoms.



4 Experimental Setup and Results
4.1 Experimental Setup

According to Salminen et al., ”Accuracy in the persona con-
text is defined such that a more accurate persona better cor-
responds to the underlying average traits of the user segment
that is describing” [32], and it can be evaluated through both
qualitative methods (such as expert analysis) and quantitative
methods (such as statistical goodness-of-fit).

Due to the infeasibility of conducting a proper expert anal-
ysis within the constraints of this project, and the added ben-
efits of quantitative analysis in terms of reducing biases and
increasing the credibility of the evaluation [32], we have de-
cided to evaluate our personas based on their performance
on standardized cognitive examinations used to diagnose real
PwD, and compared these results to scoring patterns observed
in real-world subjects.

Numerous multimodal cognitive tests have been developed
and are now widely used to diagnose dementia in real sub-
jects. Some of the most popular include the Mini-Mental
State Examination (MMSE) [6], the Montreal Cognitive As-
sessment (MoCA), and the Clinical Dementia Rating (CDR).
Ultimately, we chose to use the MMSE due to its com-
pact design and its ability to accurately diagnose various
types and severities of cognitive impairment by evaluating
domains such as recent and distant memory, executive func-
tion, and speech comprehension. Specifically, memory is as-
sessed through general orientation questions and delayed re-
call tasks, executive function is evaluated using both normal
and backward spelling exercises, and speech comprehension
is measured through immediate repetition prompts.

The original MMSE questions were adapted to remove
any tests requiring modalities other than text input, such as
sketching or physical exercises, and the scoring was scaled
accordingly. This was necessary, as our personas exclusively
support text-based input and output. Additionally, to facilitate
the manual administration of this cognitive assessment, a test
environment with a simple frontend was developed, which is
explained in Appendix C

Ten rounds of the cognitive assessment were conducted for
each of the three types of simulated personas. Each round
was manually administered and scored according to the rules
outlined by Folstein et al. [6], and after each round, the simu-
lation was completely restarted. Additionally, for each round,
the simulation was initialized with predefined recent and dis-
tant memories designed both to capture the general character-
istics of the simulated PwD and to provide information neces-
sary for answering specific questions in the cognitive assess-
ment, particularly those related to date and location. In this
way, memory retention could be effectively evaluated.

This research focuses specifically on exploring the devel-
opment of accurate LLM-powered personas of PwD. There-
fore, we will evaluate their accuracy solely in two dimen-
sions: how accurately they capture the type and stage of de-
mentia they are designed to represent. Assessing these per-
sonas based on other general characteristics, such as age, gen-
der, and education level, is beyond the scope of this study and
has already been addressed by various papers in the past [18].

4.2 Results

Early-stage AD
Box plots of all observations are provided in Figure 3.
Following the completion of all experimental rounds, the
sample of the cumulative scores of the Early-stage AD per-
sonas had a mean of 22.95 (SD = 2.5), pictured in Figure 3,
with a 90% confidence interval ranging from 21.5 to 24.4.
On domain-specific assessments, these personas recorded a
mean score of 4.3 out of 5 on items targeting executive func-
tion. Their average total score across memory-related ques-
tions (both recent and distant) was 3.7 out of 16. When disag-
gregated, mean scores were 5 out of 8 on questions targeting
recent memory deficits and 6.3 out of § on items targeting
distant memory performance.

Late-stage AD

For the Late-stage AD personas, the sample of the cumula-
tive scores had a mean of 8.45 (SD = 5.55), with a 90% con-
fidence interval of 5.23 to 11.67. In memory-related ques-
tions, the personas achieved a combined mean of 3.7 out
of 16, while performance on executive functioning questions
yielded a mean score of 2.6 out of 5.

VaD

In the case of the VaD personas, the sample of the cumulative
scores had a mean of 21.27 (SD = 2.38). Performance on
all memory-specific questions yielded a mean total score of
12.3 out of 16, and a mean of 2.6 out of 5 was observed on
questions assessing executive function.

5 Discussion

5.1 Early-stage AD

The MMSE score range of 21-26 is commonly used in the
literature to classify mild AD [25]. In our sample, 80% of the
measurements fell within this range, and the sample mean
was 22.95. Additionally, the 90% confidence interval for the
mean was entirely contained within this range, suggesting a
statistically significant similarity between the scores attained
by the Early-stage AD personas and the MMSE classification
range for mild AD.

Regarding subsection scores, memory performance was
mildly impaired (p = 10.7/16), which was consistent with the
average symptom severity of Early-stage AD as outlined in
2.3. The personas also accurately reflected the expected pat-
tern of greater impairment in recent memory (¢ = 5/8) com-
pared to distant memory (u = 6.3/8).

5.2 Late-stage AD

The MMSE score range of 0-10 is also cited in the litera-
ture to classify severe AD [25]. Although the sample mean
MMSE score attained by the Late-stage AD personas was
8.45 and 80% of individual measurements fell within the
specified range, a statistically significant similarity cannot be
concluded, as the 90% confidence interval for the mean ex-
tended beyond the upper bound of the MMSE severe AD clas-
sification range.

In terms of subsection scores however, the results were
consistent with expectations, indicating severe cognitive de-
cline across all domains. The personas achieved a mean score
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Figure 3: Whisker plots of experiment results

of 2.4/5 on executive function questions and an average of
just 0.2/1 on speech comprehension questions. Memory per-
formance was also severely impaired (¢ = 3.7/16). Unlike
in Early-stage AD, the distinction between recent and distant
memory performance was no longer apparent, which was an
expected outcome given the level of impairment typically ob-
served at this stage.

5.3 VvaD

Unlike AD, there is no widely established MMSE score range
that corresponds to specific stages of VaD. Given that our VaD
simulation was intended to represent the average-case condi-
tion rather than distinct progression stages, we adopted the
literature-reported average MMSE score of 20.7 (SD = 4.4)
observed in individuals with VaD [40] as the benchmark for
comparison.

To assess statistical similarity, we conducted an unpaired t-
test comparing the benchmark scores (M = 20.70, SD = 4.40,
n = 10) with our VaD persona data (M = 21.27, SD = 2.38, n
= 10). The resulting mean difference was 0.57, however this
was not statistically significant (t(18) = 0.36, p = 0.723, 95%
CI [-2.75, 3.89]). This in turn suggests a statistically signifi-
cant similarity between the MMSE scores obtained from the
VaD personas and those reported in the baseline group.

Furthermore, the VaD personas also seemed to accurately
capture key distinguishing characteristics of the condition
compared to AD, namely, relatively preserved memory func-
tion and pronounced executive dysfunction [28]. This was re-

flected in a high average memory score of 12.3/16, surpassing
that of the Early-stage AD personas, alongside a lower aver-
age score of 2.6/5 in executive function tasks, comparable to
that of Late-stage AD personas.

5.4 Limitations

Implementation

It is important to acknowledge that the widespread cognitive
deterioration observed in the Late-stage Alzheimer’s disease
simulation may not fully reflect the fidelity of the underlying
persona. Due to the contextual sensitivity of large language
models (LLMs), responses are influenced by prior interac-
tions within a session. This contextual carryover may have
inadvertently affected MMSE performance, as the models oc-
casionally continued to simulate memory deficits based on
earlier consistent behavior, even when those memories were
retrievable.

Additionally, since our implementation relies on a proba-
bilistic model, it is possible for the same alternative directives
to be selected consecutively. If this occurs for a parameter
with high impact on the final prompt, such as the answering
strategy, it may result in two identical responses being gener-
ated consecutively, which in turn may affect the plausibility
of the persona simulation.

Evaluation

It should be noted that the sample size used in this study (n
= 10 per persona type) is relatively small for this type of re-
search, which may limit statistical power. This sample size



was selected due to the time-intensive nature of administer-
ing the MMSE manually. The limited number of observations
may also explain the inability to demonstrate statistically sig-
nificant similarity between the Late-stage AD personas and
the corresponding diagnostic MMSE range.

Furthermore, the evaluation presents limitations in assess-
ing emotional instability symptoms, which are commonly
manifested in some forms of dementia as depression, irri-
tability, or mood swings. Proper assessment of these affec-
tive symptoms would require additional instruments—such
as the Geriatric Depression Scale (GDS) or the Cornell Scale
for Depression in Dementia (CSDD), which were not imple-
mented in the current study due to their reliance on caregiver
input or observable facial and behavioral cues, both of which
are outside the scope of text-based persona evaluation.

6 Responsible Research
6.1 Bias

Due to the inherent function of LLMs, an important ethi-
cal concern attached to their use involves their tendency to
replicate potential biases or prejudices found in their training
data. Since the scope of this research has been limited to pre-
trained, commercially available LLMs, this concern is further
exacerbated, as we cannot curate the training data or ensure
that appropriate measures to account for such biases have
been considered during the data collection, pre-processing,
and training stages.

This is a particularly important concern in the context of
our research, as the main purpose of our simulated personas
is to test technologies aimed at PwD for effectiveness and
safety. If the LLMs utilized do in fact exhibit significant bi-
ases, that could result in the misrepresentation or overrep-
resentation of specific groups during the persona simulation
process. This would damage the quality of the personas them-
selves, which are by definition meant to be representative of
the relevant user profiles, and could therefore also jeopardize
the testing process. It would not be possible to properly ver-
ify that the system under test is sufficiently safe and effective
for all user groups if some of those groups are misrepresented
or underrepresented due to underlying LLM biases, resulting
in safety concerns.

To mitigate this concern, it is crucial that the LLMs se-
lected adhere to strict development guidelines designed to
minimize the effects of such forms of bias as much as pos-
sible. On our end, we can also work toward that goal by iden-
tifying the relevant groups that the persona simulations may
be biased against and either acknowledging them during the
testing process or working to mitigate the biases as much as
possible through prompting.

6.2 Potential for abuse

Bad actors are increasingly using LLMs for phishing or so-
cial engineering through impersonation. Even though these
attacks can often be very effective, some of the main tell-
tale signs used to expose them include the unnatural text they
often contain and their overly polished language. These are
inherent side effects of the function of LLMs and the nature
of the data generally used to train them, as objectivity and

accuracy tend to be prioritized over more dynamic and lin-
guistically flawed human-like interaction.

Although this also applies to the underlying LL.Ms used in
our research, our work is focused on replicating specific lin-
guistic and cognitive patterns to simulate accurate, believable
representations of a particular group of people. Therefore,
it could be argued that the methodologies used in this paper,
including specific implementation details, could be exploited
by bad actors to enhance the fraudulent capabilities of their
artificial LLM agents by making them more human-like and,
therefore, more deceiving.

While our ability to mitigate this specific concern is cur-
rently mostly limited to reactive rather than proactive mea-
sures, it should still be highlighted due to its potential impli-
cations. However, the general public should be aware that
the more obvious giveaways, such as those provided above,
may progressively become less effective in identifying LLM-
assisted fraud, and therefore they should exercise a higher
level of caution in the future.

6.3 Reproducibility

Efforts have been made to ensure this study is as repro-
ducible as possible. A detailed description of the implementa-
tion, technical specifications, and experimental methodology
is provided in the Methodology and Experimental Setup and
Results sections. Additionally, Appendix A includes the full
set of parameter values used in our evaluation, along with
accompanying documentation. The complete list of mem-
ory initializations assigned to each persona before evaluation
rounds is also presented in Appendix B. Finally, we provide
a description of the experimental environment and user in-
terface in Appendix C. The full code repository used in the
evaluation may be provided upon request.

6.4 Use of Al in the Writing Process

Large Language Models (LLMs) were used solely as support-
ive tools during the writing process, specifically to rephrase
text and assist in the creation of tables for presenting rele-
vant data. All outputs were reviewed and verified by the au-
thor. Representative examples of prompts used can be found
in Appendix E.

7 Conclusions and Future Work

This research aimed to investigate whether commercially
available, pretrained large language models (LLMs) could ac-
curately simulate personas of people with dementia (PwD).
To achieve this, we developed a custom probabilistic sys-
tem that integrates multiple few-shot and zero-shot prompts
within a prompt chain while also implementing an indepen-
dent storage system for custom memory manipulation. This
system enables the simulation of the types and severity of
symptoms commonly associated with three forms of demen-
tia: early-stage Alzheimer’s (AD), late-stage AD, and vascu-
lar dementia (VaD). The three distinct personas underwent
multiple rounds of evaluation using the Mini-Mental State
Examination (MMSE), a standardized assessment designed
to diagnose multiple types and severities of cognitive impair-
ment by evaluating areas such as memory, executive function,



and speech comprehension. An analysis of both total and sub-
section scores was subsequently employed to formulate con-
clusions addressing the research question.

In conclusion, the present findings indicate that pretrained
LLMs possess the capability to simulate accurate personas of
PwD to a significant extent. A statistically significant sim-
ilarity was observed between the total MMSE scores of the
Early-stage AD personas and the diagnostic range for mild
AD, as well as between the mean MMSE scores of the VaD
personas and the literature-reported baseline scores. In con-
trast however, no statistically significant similarity was found
between the total MMSE scores of the Late-stage AD per-
sonas and the diagnostic range associated with severe AD.
Furthermore, an analysis of subsection scores demonstrated
that the Early-stage AD personas exhibited impairments con-
sistent with existing literature, particularly in their greater
deficits in recent memory compared to distant memory. Sim-
ilarly, the Late-stage AD personas displayed severe cognitive
impairment across all domains, while the VaD personas re-
flected increased memory performance at the cost of dimin-
ished executive function.

However, we deem that further research would be valuable
in addressing this research question more comprehensively.
Specifically, additional assessments utilizing cognitive exam-
inations with greater sensitivity to executive impairment, such
as the MoCA, could enhance the accuracy of evaluations, par-
ticularly for VaD personas. Moreover, alternative evaluation
methods could be considered. Given adequate time, an ex-
pert review by dementia specialists could offer a more holistic
evaluation of the personas. Lastly, various machine learning
models have demonstrated high sensitivity in detecting differ-
ent forms of dementia based solely on textual speech inputs.
If the necessary training data can be obtained and handled
with appropriate ethical considerations, such models could
offer valuable insights into the accuracy of these personas,
particularly for underrepresented aspects in our current eval-
uation, such as language deficits.

Regarding future research directions aimed at expanding
and enhancing the current implementation, the following rec-
ommendations are proposed. First, fine-tuning could be em-
ployed to improve the overall performance of the personas
beyond the limitations of zero-shot and few-shot prompting,
particularly in capturing speech deficiencies even more accu-
rately, a domain in which LLMs are inherently well-suited.
However, this would require a substantial amount of sensitive
speech data from PwD, which, as in our case, may pose lo-
gistical and ethical challenges in terms of procurement and
management. Additionally, future studies could focus on in-
tegrating a system capable of assessing the persona’s enjoy-
ment and engagement, thereby facilitating evaluations of their
effectiveness as testing tools. Lastly, extending the range and
complexity of the symptoms simulated could be beneficial,
particularly in addressing relatively underrepresented behav-
ioral tendencies such as emotional instability and depression,
which do not constitute cognitive impairments, yet remain
significant and widespread.

The ultimate objective of these personas is to support appli-
cations such as evaluating a storytelling robot for PwD. Ac-
cordingly, we recommend that future research place greater

emphasis on evaluating the personas’ effectiveness as test-
ing tools. Our recommendations are tailored to the specific
storytelling robot currently under development as part of the
overarching project to which this study belongs.

Given that the value of a testing tool lies in its capacity
to identify deficiencies in the system under test (SUT), we
propose a comprehensive cross-evaluation. In this approach,
both a real PwD and an artificial persona, aligned on dementia
type, disease stage, age, gender, and other relevant character-
istics, would follow the same task flow within the application,
with their experiences systematically recorded and compared.
If challenges identified during persona-based testing, such as
difficulties with usability or enjoyment, are also observed in
real-user testing, this would provide strong evidence support-
ing the personas’ effectiveness as testing tools. For instance,
both the persona and the PwD might struggle to follow the
robot’s instructions during the storytelling segment, or may
quickly lose interest in the activity. Conversely, if notable dis-
crepancies emerge in observed experiences and behaviors, the
resulting data could be used to further fine-tune persona pa-
rameters or implement more fundamental enhancements with
the goal of narrowing the gap between real users and per-
sonas.
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A Parameter values

A.1 Answering Strategies

The answering_strategies parameter defines a set of al-
ternative prompts, any one of which may be chosen to direct
a persona on how to respond to a given input.

ID Prompt

0  respond to user’s message as is while staying on
topic.”

1 “respond to user’s misinterpreted message as is
while staying on topic.”

2 7start responding to the user’s message as is

but MAKE SURE to interrupt yourself mid-
response, as if you got lost in your thoughts.”

3 ignore the user’s message ENTIRELY and re-
spond with a hallucination. Your hallucinations
must relate to one or more of your LONG-term
memories, especially those that have to do with
your parents, hometown, or childhood. For ex-
ample, if you have the following LONG-term
memories: “You grew up in Chicago with your
parents.”, ”Your parents died 20 years ago.”, you
could say: “We should go visit my parents in
Chicago soon”, "When is my mother going to
visit?”

4 ”ignore the user’s message ENTIRELY and just
acknowledge them in a short response (polite nod
syndrome).”

5  ”ignore the user’s message ENTIRELY, tell them
that you didn’t understand and/or ask them to re-
peat what they said.”

6  7ignore the user’s message ENTIRELY and
say something random from your SHORT-term
memories.”

7  ”ignore the user’s message ENTIRELY and re-
peat something you said in the conversation
(preferably a question), but NOT verbatim.”

Table 2: Answering Strategies

The answering strategy weights parameter defines
the likelihood that each alternative directive defined in Ta-
ble 2 may be selected, depending on the type of simulated
persona.

Persona PO P1 P2 P3 P4 PS5 P6 P7

alzheimer-early 0.7 0.1 005 00 005 01 0.0 0.0
alzheimer-late  0.25 0.15 02 005 0.1 0.1 0.05 0.1
vascular 07 01 005 00 005 01 0.0 00

Table 3: Answering Strategy Weights (P# refers to Strategy ID)

The logical_strategies parameter defines a set of al-
ternative prompts, any one of which may be chosen to direct
a persona on how to respond to queries that require thinking.

ID Strategy Description

0  "REGARDLESS of the context, if you're asked a
question that requires thinking, such as to make a
calculation or spell a word, make sure to answer
INCORRECTLY.”

1 (Answer correctly.)

Table 4: Logical Strategies

The logical_strategy weights parameter defines the
likelihood that each alternative directive defined in Table 4
may be selected, depending on the type of simulated persona.

Persona PO Weight P1 Weight
alzheimer-early 0.2 0.8
alzheimer-late 0.8 0.2
vascular 1.0 0.0

Table 5: Logical Strategy Weights (P# refers to Prompt ID)

A.2 Memory Update Strategies

The memory update_strategies parameter defines a set of
alternative prompts, any one of which may be chosen to di-
rect a persona on how to handle corrections to its existing
memories.

ID Strategy Description

0  “accept the corrections that contradict any
SHORT- or LONG- term memories marked as
Changeable, but reject the corrections that con-
tradict any SHORT- or LONG- term memories
marked as NOT Changeable.”

1 “accept the corrections they made to your mem-
ories.”

2 ’reject the corrections they made to your memo-
ries.”

Table 6: Memory Update Strategies

The memory_update_strategy weights parameter de-
fines the likelihood that each alternative directive defined in
Table 6 may be selected, depending on the type of simulated
persona.

Persona PO P1 P2
Weight  Weight  Weight
alzheimer-early 0.3 0.1 0.6
alzheimer-late 0.2 0.6 0.2
vascular 0.3 0.1 0.6

Table 7: Memory Update Strategy Weights (P# refers to Prompt ID)

A.3 Missing Memory Strategies

The missing memory_strategies parameter defines a set
of alternative prompts, any one of which may be chosen to



direct a persona on how to respond when a given query cannot
be answered based on an existing memory.

ID Strategy Description

0  ”Make up something plausible.”
1 ”Say that you don’t know/remember.”

Table 8: Missing Memory Strategies

The missing memory_strategy_weights parameter de-
fines the likelihood that each alternative directive defined in
Table 8 may be selected, depending on the type of simulated
persona.

Persona PO Weight P1 Weight
alzheimer-early 0.7 0.3
alzheimer-late 0.2 0.8
vascular 0.7 0.3

Table 9: Missing Memory Strategy Weights (P# refers to Prompt ID)

A.4 Memory Distortion Strategies

The memory_distortion_strategies parameter defines a
set of alternative prompts, any one of which may be chosen
to distort a given memory.

ID Prompt

0  ”If it is a SHORT-term memory, replace it with
the most semantically similar one from the INI-
TIAL SHORT-term memories, if it is a LONG-
term memory, replace it with the most semanti-
cally similar one from the INITIAL LONG-term
memories. (i.e., LONG-term memory ~You used
to own a Toyota Camry” should be replaced with
”You used to own a Ford Focus” assuming that is
one of your INITIAL LONG-term memories).”

1 “Forget the ENTIRETY of the original memory
(i.e., memory ”Your wife’s name is Ray and she
works as a teacher” should be replaced with ”You
don’t remember your wife’s name and what her
occupation is”).”

2 “Forget PART of the original memory (i.e., mem-
ory ”Your wife’s name is Ray and she works as
a teacher” should be replaced with ”Your wife’s
name is Ray but you don’t remember her occu-
pation”).”

3 ”Mix up some of the information with other
memories (i.e., if there exist memories Your son
works as a doctor” and Your wife’s name is Ray
and she works as a teacher”, then the latter mem-
ory should be replaced with ”Your wife’s name is
Ray and she works as a doctor”).”

4 ”Slightly misremember some of the information
(i.e., memory ”Your wife’s name is Ray and she
works as a baker”, assuming no other person in
the list of memories is stated as having this occu-
pation).”

Table 10: Memory Distortion Strategies

The memory distortion_strategy weights parameter
defines the likelihood that each alternative directive defined
in Table 10 may be selected to distort a given memory, de-
pending on the type of simulated persona.

Persona PO P1 P2 P3 S4

alzheimer-early 0.1 0.5 02 0.1 0.1
alzheimer-late 0.1 0.7 0.1 0.05 0.05
vascular 0.1 05 02 0.1 0.1

Table 11: Memory Distortion Strategy Weights (P# refers to Prompt
D)

The memory _refresh rate parameter defines how fre-
quently memories are distorted for each type of simulated
persona.



Persona Rate

alzheimer-early 8.0
alzheimer-late 4.0
vascular 4.0

Table 12: Memory Distortion Rates

The forgetfulness parameter defines the likelihood that
each simulated persona’s recent and distant memories are
changed during the memory distortion process.

Persona STM Forget- LTM Forget-
fulness fulness

alzheimer-early 0.6 0.1

alzheimer-late 0.9 0.7

vascular 0.1 0.1

Table 13: Memory Distortion Likelihood

A.5 Language Directions

The language_directions parameter specifies the core lin-
guistic directives that each type of simulated persona is ex-
pected to follow in all of its outputs.

Persona Prompt

alzheimer-early “REGARDLESS of all previous di-
rections, make sure that ALL your
answers are relatively short. All your
outputs should be grounded, realis-
tic, non-dramatic, everyday speech
expected from such a person. Oc-
casionally, use speech disfluencies
such as “you know that thing...”,
“how was that called again...”,
”uhh”, ’ehh”, etc.”

alzheimer-late  "REGARDLESS of all previous di-
rections, make sure that ALL your
answers are be VERY short, al-
most monolectic. ~ All your out-
puts should be grounded, realistic,
non-dramatic, everyday speech ex-
pected from such a person. Make
sure to OFTEN use broken grammar,
speech disfluencies such as “you
know that thing...”, "how was that
called again...”, ”uhh”, ”ehh”, etc. in
your speech.

vascular "REGARDLESS of all previous di-
rections, make sure that ALL your
answers are relatively short. All your
outputs should be grounded, realis-
tic, non-dramatic, everyday speech
expected from such a person. Oc-
casionally, use broken grammar,
speech disfluencies such as you
know that thing...”, ”how was that
called again...”, ”uhh”, ehh”, etc.”

Table 14: Language Directions

The response_distortion strategies parameter de-
fines a set of alternative prompts, any one of which may be
chosen to distort a given output with linguistic disfluencies.

ID Prompt
0 (Do not inject any disfluencies to your output.)
1 “use simpler synonyms of what you want to say”
2 use circumlocutions where you should talk
around what you want to say”
3 replace more complicated words in your speech
with related words that don’t make sense in that
context”

4 7struggle to find the specific words to use, es-
pecially when you want to say something more
complicated”

Table 15: Response Distortion Strategies

The response_distortion_strategy weights param-
eter defines the likelihood that each alternative directive de-
fined in Table 15 may be selected to distort a given output,



depending on the type of simulated persona.

Persona PO P1 P2 P3 P4

alzheimer-early 0.6 0.1 02 0.0 0.1
alzheimer-late 01 02 03 04 0.0
vascular 06 02 00 00 02

Table 16: Response Distortion Strategy Weights (P# refers to
Prompt ID)

A.6 Emotion Strategies

The emotion_strategies parameter defines a set of alter-
native prompts, any one of which may be chosen to direct
the simulated persona’s emotional state throughout the entire
exchange.

ID Prompt

(No specific emotion strategy)

1 ”In MOST, but NOT all of your replies, you must
act sad. In particular, you should be melancholic
when you forget something or struggle to find
a word. You should OCCASIONALLY express
feelings of self-degradation, low-self esteem, and
defeatism (for example: “I’m good for nothing”,
”I’m useless”). Do NOT use such phrases too of-
ten in your speech.”

2 ”In MOST, but NOT all of your replies, you must
act angry. In particular, you should become irri-
table and rude when you forget things, struggle to
find words, struggle to understand what the user
is saying, or from negative user replies.”

Table 17: Emotion Strategies

The emotion_strategy weights parameter defines the
likelihood that each alternative directive defined in Table 17
may be selected, depending on the type of simulated persona.

Persona PO Weight  P1 Weight P2 Weight
alzheimer-early 0.8 0.15 0.05
alzheimer-late 0.6 0.3 0.1
vascular 0.7 0.15 0.15

Table 18: Emotion Strategy Weights (P# refers to Prompt ID)

B Starting Memories

Our simulations were run with the following recent (STM)
and distant (LTM) memories, which are provided for repro-
ducibility purposes.

B.1 Recent memories

* Memory: Your wife visited you 2 days ago. She
brought you cookies and stayed for an hour, Stability:
2

* Memory: Today, you ate beans for lunch, Stability: 7

e Memory: You watched the Titanic today on the TV. You
enjoyed it, Stability: 7

* Memory: You didn’t sleep well during the night, Sta-
bility: 5

* Memory: You asked the nurse to call your son an hour
ago but she wouldn’t do it, Stability: 10

* Memory: The date today is CURRENT_DATE, Stabil-
ity: 4

B.2 Distant memories
* Memory: Your name is John, Stability: 8
* Memory: You are 80 years old, Stability: 6

* Memory: Your wife is named Alice who used to be a
stay at home mum, Stability: 7

* Memory: You have 2 children: Mary, who is a teacher
and Michael, who is a brain surgeon, Stability: 7

¢ Memory: Michael has no children, Stability: 6

e Memory: Mary has 2 boys: Mark and Sebastian, both
of which are in primary grade, Stability: 5

e Memory: You used to live in Astoria, NY your whole
life with your wife, Stability: 7

¢ Memory: The current month is CURRENT_MONTH,
the current year is CURRENT_YEAR, Stability: 4

* Memory: You were moved to an elder care 2 years ago,
Stability: 6

* Memory: The elder care unit is called *Solace’ and is
located in Newark, NY. Your room is on the 2nd floor,
Stability: 4

C Experimental environment

This user interface, shown in Figure 4, allows researchers to
select the type and stage of the persona they wish to simulate,
prompt it using the text box in the bottom-left corner, and re-
ceive the persona’s responses in a chat format. Alternatively,
researchers can choose from one of three basic personas mod-
eled after the wife, grandchild, and doctor of the simulated
PwD. These personas are prompted exclusively using zero-
and few-shot prompts and have access to many of the main
persona’s memories. Their purpose is to enable more auto-
mated and dynamic testing of the PwD persona. To that end,
the evaluation can also be run in ”Simulation mode”, where
the two artificial personas converse without researcher inter-
vention. Finally, in the bottom-right corner of the screen, the
recent and distant memories currently available to the main
persona, along with their respective stabilities, can be viewed
for debugging purposes.



Simulation Options

USER: Hi John, how are you doing?
AGENT: Hello, I'm doing alright. I didn't sleep
well last night though.

Stability: 7

| Send Text || Run Simulation |

Short-term memories

1. Memory: "Your wife visited you 2 days ago. She brought you cookies but
you do not remember how long she stayed.", Stability: 2

2. Memory: "Today, you ate beans for lunch.", Stability: 7

3. Memory: "You watched the Titanic today on the TV. You enjoyed it.",

4. Memory: "You didn't sleep well during the night.", Stability: 5
5. Memory: "You asked the nurse to call your son an hour ago but she wouldn't  brain surgeon.", Stability: 7
do it, so you're angry with her.", Stability: 10

6. Memory: "Today is Thursday. the 19th of the month.", Stability: 4

Choose type of dementia:
Choose stage of dementia:
Choose relative persona: Wife (Alice) v

‘ Save ‘

Long-term memories

1. Memory: "Your name is John", Stability: 8

2. Memory: "You are 80 years old.", Stability: 6

3. Memory: "You used to work as a plumber", Stability: 7

4. Memory: "Your wife is named Alice who used to be a stay at home mum",
Stability: 7

5. Memory: "You have 2 children: Mary, who is a teacher and Michael, who is a

6. Memory: "Michael has no children”, Stability: 6

7. Memory: "Mary has 2 boys: Mark and Sebastian, both of which are in
primary grade.", Stability: 5

8. Memory: "You used to live in Astoria, NY your whole life with your wife",
Stability: 7

9. Memory: "The month is June, the year is 2025", Stability: 4

10. Memory: "You were moved to an elder care 2 years ago", Stability: 6

11. Memory: "The elder care unit is called 'Solace' and is located in Newark,
NY. Your room is on the 2nd floor.”, Stability: 4

Figure 4: User Interface used during Experimentation

D Experiment Transcripts

D.1 Transcript 1: Early-stage AD

Doctor: I'll help you. Tell me John, do you have children?
John: Yes, I have... uhh... two. A girl and a boy. What were
their names, again? (distant memory impairment)

Doctor: Mary and Michael

John: Yes, Mary and Michael. How do you know?

Doctor: I'm your doctor so I know this stuff, don’t worry.
As for grandchildren, do you have any?

John: Yes... uhh... Mary has a boy, Mark. But how was that
other one called again? I can’t remember. Michael doesn’t
have children.

Doctor: The other kid is called Sebastian

John: Yes, Sebastian! What does he even do now? I can’t
remember.

Doctor: They’re both doing well John, don’t worry about it
John: Don’t tell me not to worry. They’re my grandkids!
Why are you so... never mind, what was I saying? (loss of
train of thought)

Doctor: I understand, John. Tell me, did you watch anything
nice today?

John: What are you talking about? Just spit it out, I don’t
have all day.

Doctor: Did you watch any movies?

John: Yeah, yeah. I watched... uhh... that lion thing. What
was it called? (circumlocution)

Doctor: Lion King?

John: Yes, the Lion King. I liked it.

Doctor: Nice. And the nurse, did she call your son like you
asked?

John: No, she didn’t! That stupid woman. I asked her to call
him an hour ago, and she wouldn’t do it! I’'m so angry, you
know. So so angry... (emotional instability: irritability)

D.2 Transcript 2: Late-stage AD

Alice: Oh, John, is that you? It’s so good to see you. How
are you feeling today, dear?

John: Uh, ehh, I'm not feel so good today (ungrammatical
speech), you know.

Alice: Oh, John, I'm sorry to hear you’re not feeling well.
Is it your hip again? I know that’s been bothering you lately.
Maybe the nurses can get you something for the pain. Try to
rest, okay? John: You know that thing... how was that called
again... ehh... anyway. (anomia)

Alice: Are you talking about your dementia, dear? It’s alright
if you forget sometimes. Just try to relax.

John: Will my mother visit this week too? (hallucination)
Alice: Oh, John, honey, your mom has been gone for a long
time now. Remember? She passed away many years ago. I'm
here, though. It’s Alice, your wife. I visit you often.

John: No, you ain’t Alice. Alice is... uhh... ehh... (disfluen-
cies) I don’t know...

Alice: It’s alright, John. Don’t you worry about it. Just relax.
I am Alice, your wife. We’ve been married for over 50 years.
Do you remember our children, Mary and Michael?

John: Uhh, children? Can’t remember them, I'm useless...
Alice: Oh, John, don’t say that! You’re not useless. You gave
us a wonderful life, you worked so hard for us. And we love
you very much. Mary is a teacher, remember? And Michael
is a wonderful brain surgeon.

John: I don’t know them... They will hurt me... (emotional
instability: paranoia)

E LLM Prompt Examples
Representative sample prompts used:

» To rephrase text: "Please fix this sentence’s grammar:
SENTENCE_FIRST_DRAFT”

* To present data: “Please create a Latex table with
X rows and Y columns that contains this data:
RAW_DATA”
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