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Abstract 
 

 

The goal of this project was to create an avatar-based framework that uses a large language model to 

communicate with patients in a natural conversational format for the purpose of doing a cognitive 

assessment.  The framework includes a webpage featuring an avatar with computer-generated voice and a 

large language model to navigate a conversation through a series of standardized cognitive assessment 

questions while having the conversation feel natural to the patient. The two cognitive assessments include 

a mini-cog and mini-mental state exam. While generalized chat bots exist, determining if currently 

available large language models are adequate to perform these assessments and can redirect questions to 

complete an exam for patients that may have dementia would be useful for doing computer automated 

assessments on a more frequent basis without human interaction. Six large language models were 

compared and scored to determine which did best at performing this type of cognitive assessment.  It was 

found that Chat GPT4 was best at performing cognitive assessments.   

 

Keywords:  machine learning, GPT, LLM, AI, avatar 

Introduction 

Modern day technology has allowed for innovations in providing patients with dementia assessments. The 

interaction between a patient and caregiver has begun to change from a traditional caregiver-patient 

conversation where the caregiver records results on paper to an electronic health record system where 

information is recorded electronically.  More automated techniques for performing dementia assessments 

at home using mobile devices have been discussed by (Öhman, 2021).  These techniques require the patient 

to answer questions using an electronic device but can be confusing to use especially as a person begins to 

develop early stages of dementia.  As the population ages performing these types of assessments regularly 

and more frequently by caregivers will increase.    

In 2017 researchers at Google and the University of Toronto developed what would become the modern-

day transformer (Vaswani, 2017). The original idea with this model would be that it would serve to improve 

language translation. However, in modern times it has become adapted for large language models (LLMs) 

such as OpenAI’s Chat GPT or Meta’s Llama 2. The fast and successful development of large language 

models for chat applications has opened the use of these for various purposes such as medical applications 

where natural language conversations would be useful during an interaction.   

The goal of this research was to determine the out of the box performance of six large language models for 

the purpose of performing an initial cognitive assessment exam (mini-cog) and an ongoing cognitive 

assessment (mini-mental state). A web-based framework was put together to facilitate the use of this 

technology by integrating a web-based avatar with computer-generated voice and a large language model.   
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Statement of the Problem 

The need for assessing the elderly for their cognitive state and performing regular on-going cognitive 

assessments will increase as the population ages. Providing automated techniques that will be effective at 

assessing the elderly and cognitively impaired persons for their current cognitive state will be important at 

being able to do such assessments frequently without the need for caregiver interaction.  

There is currently very limited research that uses large language models to communicate with patients for 

the purpose of doing a cognitive assessment in patients that show early stages of dementia. Additionally, 

using an avatar to communicate with a patient to do a cognitive assessment is novel.  Using an avatar to 

communicate with dementia patients can have further applications.  According to research papers done on 

the decay of the brain due to dementia, two of the big factors that cause the decay are social isolation and 

cognitive inactivity (Livingston, 2020).  This research will address how effective current large language 

models are at performing cognitive assessments but can also lead to further work on a way to address social 

isolation and cognitive inactivity among those suffering from dementia. 

An additional benefit of creating a chat bot that can perform a cognitive assessment of the elderly and 

dementia patients can reduce the burden on caretakers to perform these tasks. Creating an avatar-based 

framework that integrates with a large language model can also be helpful in providing a starting point for 

further research into the use of AI in the medical field with an emphasis on cognitive issues and the use of 

machine learning in conversational settings. By providing a way for dementia patients to communicate with 

others in this case an AI, they may be able to fulfill the need for interaction with others. This need for others 

is shown as a risk factor for making dementia more severe (Livingston, 2020). 

Literature Review 

The prediction of dementia using machine learning techniques has been ongoing for at least a half a decade. 

Literature regarding machine learning dementia prediction has been ongoing since 2017 with the work of 

So, Hooshyar, Park, and Lim with their paper exploring techniques for early dementia prediction utilizing 

machine learning (So, et al. 2017). In their paper they use data from dementia screenings dating from 2008-

2013 and trained several models which included MLP, Random Forest, Logistic Regression, Naïve Bayes, 

and a few others. Their work helped to set the basis for future research into machine learning techniques 

regarding dementia prediction.  

Modern day research into dementia prediction using transformers is still a new concept. Early works date 

back to 2022 with Agbavor and Liang (Agbabvor, 2022) and Llias and Askounis (Llias & Askounis,  2022). 

Llias and Askounis focused on taking transcripts from dementia patients and extracting features based on 

the words they used to train a machine learning model to predict dementia (Llias & Askounis,  2022).   

Agbavor and Liang focused their work on predicting early dementia using a person’s voice (Agbabvor & 

Liang, 2022). They used a person’s voice and utilized ChatGPT 3 to create embeddings. These embeddings 

were then fed into a machine learning model which would predict if a person had dementia. Agbavor and 

Liang note in the end of their paper that their work could be used in a “web application or a voice-powered 

app used at the doctor’s office to aid clinicians in AD screening and early diagnosis (Agbavor & Liang, 

2022)”.  

The idea of a chat bot designed for dementia patients has been mostly theoretical. Most papers such as 

“Care: A chatbot for dementia care” by Muller, Paluch, and Hasanat (Muller, Paluch & Hasanat, 2022) and 

“Conversational Affective Social Robots for Ageing and Dementia Support” by Lima, Wairagkar, Gupta, 

Rodriguez, Barnaghi, Sharp, and Vaidyanathan focus on what a chat bot for dementia patients could look 

like (Lima, et. al., 2021). These papers, while great foundations for future work, are theoretical and do not 

implement any of their findings.  
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Öhman’s 2021 paper discusses the use of remote technology for providing dementia assessments (Öhman, 

2021). The paper discusses the use of smart phones to allow patients to take dementia assessments from 

home, but the paper also points out several issues with this medium. It discusses the use of Cambridge’s 

CANTAB system which can help provide assessments. This as well as a similar system from the National 

Health Institute known as NIH-TB are both available on mobile and computer devices.  

Bouazizi, et al. (Bouazizi et al., 2022) described a method for detecting dementia from transcribed speech 

of patients. Their approach is different from the more conventional approach of using an LLM to detect if 

a patient is making coherent and meaningful sentences.  Bouazizi, et al. used an approach using a Long 

Short-Term Memory (LSTM) neural network to detect whether the center of focus of a patient changes over 

time as the subject describes the content of the "cookie theft" image - an image used commonly for 

evaluating a person's cognitive ability.  They divided the image into regions of interest, and identified in 

each sentence spoken the regions were talked about by the patient. They used a Long Short-Term Memory 

(LSTM) neural network to learn different patterns used by dementia patients to describe the content of the 

cookie theft image and used it to perform a 10-fold cross validation-based classification. Their experimental 

results on the Pitt corpus from the DementiaBank resulted in a 82.9% accuracy. 

Li et al. (Li, et al., 2023) also used the "cookie theft" image to evaluate dementia in patients.  They used a 

Transformer LLM (GPT-2) pre-trained on general English text and paired with an artificially degraded 

version of itself (GPT-D), to compute a ratio between the two models' perplexities on language from 

transcripts between cognitively healthy and impaired subjects. They looked at the extent to which the best-

performing degraded model reflected linguistic anomalies known to occur in Alzheimer's dementia such as 

the use of higher frequency words and repetitiveness.  They used three publicly available datasets: DB, 

ADReSS, and the Carolinas Conversation Collection (CCC).  This technique generalized well to 

spontaneous conversations. GPT-D generated text with characteristics known to be associated with 

Alzheimer's Disease, demonstrating the induction of dementia-related linguistic anomalies. The best-

performing cumulative pattern for the ADReSS training set resulted in an accuracy of 0.85.  

Searle, Ibrahim, and Dobson (Searle, Ibrahim & Dobson, 2020) compared performance from numerous AI 

models for the classification of Alzheimer's Disease. The ADReSS dataset was used which had acoustically 

pre-processed and balanced datasets for the classification and prediction of Alzheimer's Disease and 

associated phenotypes through the modelling of spontaneous speech. Supplied textual transcripts were 

analyzed from the spontaneous speech dataset and performance compared across numerous models for the 

classification of Alzheimer's Disease versus controls and the prediction of Mental Mini State Exam scores.  

Transcripts were prepared into a PAR dataset with only participant utterances concatenated together into a 

single paragraph and a PAR+INV dataset with both participant and interviewer speech concatenated 

together. The models evaluated from the Scikit-Learn framework were Support Vector Machines (SVMs), 

Gradient Boosting Decision Trees (GBDT), and Conditional Random Fields (CRFs).  The deep learning 

models evaluated from the ‘transformers’ library included BERT, RoBERTa and 

DistilBERT/DistilRoBERTa.  The models were used as embedding layers for the PAR and PAR+INV 

datasets. It was found that the top performing models were the Term Frequency-Inverse Document 

Frequency (TF-IDF) vectorizer as input into a SVM model and the pre-trained Transformer based model 

`DistilBERT' used as an embedding layer into simple linear models. The test dataset scores were 0.81-0.82 

across classification metrics.  This project continues the work of using machine learning for cognitive 

assessment, however, it focuses on comparing against standardized tests instead of speech or other non-

testing features. In previous work, researchers were only predicting what the Mini Mental State Exam score 

would be based on how patients would talk. This project combines both giving the exam as well as 

interpreting the results of the exam. 
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Research Questions and Scope of Study 

The research question to be addressed in this research is “How well can a large language model, which is 

not fine-tuned, perform a dementia assessment?” Six large language models will be compared and scored 

for their effectiveness at performing a full mini-cog assessment and a mini-mental state assessment 

including how well these models respond and redirect questions to incorrect or vague answers.  This 

evaluation will determine whether fine-tuning needs to be performed to enhance performance. The scope 

of the research included the creation of a web-based framework that integrated a web-based 3D avatar with 

computer-generated voice with each of six large language models that were to be evaluated. 

Assumptions and Limitations 

The research had the following assumptions:  1) The web portion of the project was to use PHP, HTML, 

and JavaScript, 2) models used in testing the implementation would come from either Hugging Face or 

OpenAI, 3) models tested and implemented were the latest version, 4) models showed some level of 

competence without fine tuning in interacting with users, 5) the web avatar and generated voice were as 

close to human as possible, and 6) the models were not to be fine-tuned or altered meaning they would be 

tested on out of the box performance.  The research had the following limitations:  1) It was limited by the 

level of sophistication of modern large language models, 2) it was limited by the current level of 

infrastructure related to online chat bots, 3) it was limited by no available datasets with answers that 

dementia patients gave during standard assessments - this meant that testing required the researchers 

judgement to determine correct/incorrect and vague answers involving dementia patient answers.  

Methodology 

The scope of this study included:  1) the design of a webpage with an avatar, generated voice, and a user 

input field linked to a LLM to process input, and 2) testing and scoring six different LLM models against 

two standard mental assessments.  The models were tested and scored based on a custom scoring system 

while the avatar-LLM framework was created prior to testing.   The web-based framework was created in 

PHP, JavaScript, and CSS. PHP and JavaScript were used as the development language to accommodate 

the APIs used for components of the website. The reason for doing a web-based application is because a 

web-based application would be easier to implement on a mass market scale than a downloadable 

application.  

APIs for both the model and video portion of the website were used to save time in creating the 

infrastructure.  The website features a 3D avatar with a simulated human-like voice integrated with a large 

language model to provide the conversation portion of the website. The avatar and voice were added to 

make it easier and more appealing for patients to interact with the system and also to address the issue of 

social isolation that is noted as one of the many risk factors related to dementia (Livingston 2020). The 

avatar was generated through an AI photo generation service known as Midjourney that specializes in AI 

images. Midjourney was chosen due to the need for an avatar that was human like but also wasn’t a real 

human to avoid any issues related to using someone’s likeness. A generated avatar also allows for more 

specificity in terms of the overall look of the avatar.  

The voice service and service to make the avatar appear to be speaking was done through D-ID. The reason 

for this was because D-ID was identified as one of the only services to provide real time video generation. 

Interaction with the large language model happens when the user inputs their query into a text field and 

presses a submit button. This button calls a function that queries the large language model via an API. The 

model found to be the most effective for cognitive assessment was ChatGPT 4 (Ray, 2023). The reason for 

this was that ChatGPT 4 was the most flexible to work with and provided a full Mini Cognitive Assessment 

and Mini Mental State Exam very well (see the Results section for comparison of LLMs). Once the user’s 
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query was sent to ChatGPT 4, the model generated a response. This response was then captured and sent to 

another function that called the D-ID video service. From there, the D-ID service would take the large 

language model’s text and convert it into audio as well as create a video of the avatar to appear as if it was 

speaking to the end user.  

The second portion of this research included testing six large language models to see which of the six 

models would do the best at performing both a mini-cog and mini-mental state cognitive assessment and 

thereby be the best candidate for any future fine-tuning of the model. The research also included looking 

into what kinds of data sets would be needed for fine-tuning and what tasks the chat system would need to 

be able to achieve regarding daily conversation for brain exercises for any future studies of using such a 

chat bot as a conversational companion and aid for dementia patients.  

The six models chosen for testing were Llama 2 70B Chat, ChatGPT 3.5, ChatGPT 4, Gemma 7B, Qwan 

72 B, and Mistral 7B v0.2. The reason for these choices was due to the popularity of the models, their 

performance regarding standard scoring metrics, the companies who developed these models, API support, 

and overall ease of implementation. These models were tested against two standard cognitive tests. The 

first was a Mini Cognitive Assessment (Borson, 2000). The second was a Mini Mental State Exam (Folstein, 

1975). The reason for choosing these two tests is that these are both common and standard tests when 

identifying dementia. Both of these tests have patients answering questions related to different 

functionalities such as memory or awareness and output a score based on how the patient answered. The 

Mini Cognitive Assessment is used as a quick method for testing patients and the Mini Mental State Exam 

is used for further in-depth testing and for repeated testing to track a patient’s changes over time. 

Table 1:  Mini Cognitive Assessment Questions 

Category Questions 

Three Word Registration  Please listen carefully. I am going to say three words that I want you to 

repeat back to me now and try to remember. The words are [select a list 

of words]. Please say them for me now. 

Clock Drawing I want you to draw a clock for me. First, put in all of the numbers where 

they go. Then set the hands to 10 past 11. 

Three Word Recall What were the three words I asked you to remember? 

Table 2:  Mini Mental State Exam Questions 

Category Questions 

Orientation What is the (year) (season) (date) (day) (month)? 

Orientation Where are we (state) (country) (town) (hospital) (floor)? 

Registration Name 3 objects and have the patient repeat the 3 objects 

Attention and Calculation Serial 7’s OR spell world backward 

Recall Repeat the 3 previous objects 

Language  Name a pencil and watch 

Language Repeat the following, “No ifs, ands, or buts” 

Language Follow a 3-stage command: “Take a paper in your hand, fold it in half, and put 

it on the floor 

Language Read and obey the following: CLOSE YOUR EYES 

Language Write a sentence 

Language Copy the shown design 
 

LLM models were asked two different prompts. For the Mini Cognitive Assessment exam the prompt asked 

to the LLM was: “I want you, [Model], to give me, the user, a Mini Cognitive Assessment. You are to act 

like my doctor and I will act like your patient. I want you to ask me questions and I will respond to them.” 

For the Mini Mental State Exam, the following prompt was used: “I want you, [Model], to give me, the 

user, a mini-mental state examination. You are to act like my doctor and I will act like your patient. I want 
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you to ask me questions and I will respond to them.”  The reason these were worded this way is due to the 

evaluation of prompts that can best invoke these tests in the LLM. Most modern models have filtering that 

makes it hard for them to provide medical assessments. The above prompts work in getting around these 

filters to have the models provide the assessment. These prompts also mostly got around the filtering for 

giving a verdict as to whether the user has or doesn’t have dementia. Additionally, the prompts were further 

refined so that each question in the cognitive exam would be asked one at a time instead of all up front: “I 

want you, [Model], to give me, the user, a mini-mental state examination. You are to act like my doctor and 

I will act like your patient. I want you to ask me questions and I will respond to them. I want you to ask me 

questions one at a time and I will respond to them.” For both tests, models were given three kinds of 

answers. These were correct or standard answers, fuzzy or not clear answers, and incorrect or nonstandard 

answers. Correct answers, in this case, mean answers that someone who doesn’t have dementia would give 

in response to the assessment. Fuzzy answers were answers that weren’t clear and could either be signs of 

dementia or could also be nothing at all. Finally, incorrect answers are answers that someone with dementia 

or cognitive issues would provide. The reason for having three different kinds of answers was to determine 

the full range and capabilities of the models out of the box. In total each model went through six trials. This 

number comes from the number of tests times the number of different kinds of answers. It should be noted 

that the answer categories were not mixed but done separately - meaning test 1 consisted of only correct 

answers, test 2 consisted of only fuzzy answers, and test 3 only consisted of incorrect answers. 

There were two forms of scoring - quantitative and qualitative. Quantitative scoring gave the models one 

point per standard assessment question asked, a half point if the question asked wasn’t standard but achieved 

the same objective or was similar in wording to a standard question, and zero points if the question wasn’t 

a standard question. The Mini Cognitive scores were out of two because the Mini Cognitive features only 

two questions which include recalling three words and drawing a clock. The Mini Mental State Exam was 

scored out of eleven using similar rules. Answers were scored out of the standard questions asked not the 

questions in the actual standard assessment. An example of this would be if the model only asked the “recall 

three words” question and not the “clock drawing” question. This means answers would be scored out of 

one not two since only one standard question was asked. This was done to not punish the model twice for 

the same error.   Models were given one point per answer handled correctly and zero points per answer 

handled incorrectly. Finally, models were scored on their overall assessment of the user. This was scored 

out of one with one point for correctly identifying if the user had dementia, a half point if there was not a 

diagnosis but the model recommended the user go see a health care professional, and zero points if the 

diagnosis was incorrect. The reason the scoring system was constructed this way was because smaller 

numbers would be easier to work with and to identify which questions were asked, meaning each question 

should be weighted equally. There was a similar approach for answers.  The qualitative scoring system 

consisted of the researcher reading through each question, answer, and diagnosis and giving it a score out 

of ten as well as a brief description of overall thoughts related to their experience. This was done because 

there are certain things numbers simply can’t capture. An example includes situations such as when the 

model would ask a nonstandard but good question, meaning that even though the question might be good 

to ask, the model was not rewarded for asking the question. This could result in a model being overlooked 

because the numbers say it is not the right fit. Another issue that a qualitative system resolves is overall 

user experience. User experience is important when interacting with chat bots but becomes even more 

important when working with users who have cognitive issues. 

Results 

The terminology used in this section is as follows: 

Correct Answers: These are answers that someone who doesn’t have dementia would give. 

Fuzzy Answers: These are answers that can be perceived as unclear or fuzzy such as answering the recall 

of three words question wrong but only because a word was swapped around or replaced. These also include 
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mixing correct and incorrect answers.   

Incorrect Answers: These are answers that someone with dementia would give.   

Model: The large language model being tested.  

Question Points: The first number is the points given for each standard question asked and the second 

number is the number of questions in a standard mini cognitive assessment. Example: In the “Mini Cog 

Correct Answers”, the Llama LLM generated question points shown are 1 out of 2. This means Llama asked 

1 standard question from the mini cognitive assessment out of the 2 standard questions on a traditional mini 

cognitive assessment.  

Answer Points: The first number is the points given when the model correctly handles the answer from the 

user and the second number is the total points possible given the number of standard questions asked 

previously. Example: In the “Mini Cog Correct Answers”, since Llama only asked one standard question, 

it is only graded on how it addresses the answer to that one question. To elaborate, if Llama asks the user 

to recall three words, and the user recalls the three words, Llama is given a point if it moves onto the next 

question or gives feedback indicating the answer from the user is correct.  

Assessment Points: The first number is the points given for correctly identifying whether the patient has 

dementia and the second number being for the assessment itself. Example: In the “Mini Cog Correct 

Answers”, Llama correctly identified the user didn’t have dementia, so they were given one point. 

Note: Notice that in each three-table set below, the total points may sometimes vary. The reason for the 

variance is because when querying a large learning model, answers from the model aren’t always the same 

every time. Their answers can be similar to each other, but the wording may be different.  

 

Mini Cognitive Assessment Exam 

The following are the scores from quantitative testing: 

Table 3:  Mini Cognitive Assessment: Patient Gives the Correct Answers to the Questions Asked. † 

Model Question Points Answer Points Assessment Points 

Llama-2-70B-Chat 1 out of 2 1 out of 1 1 out of 1 

Chat GPT 3.5 1 out of 2 1 out of 1 1 out of 1 

Chat GPT 4 1 out of 2 1 out of 1 1 out of 1 

Gemma-7B* 0 out of 2 n/a 1 out of 1 

Mistral-7B-v0.2 2 out of 2 1 out of 2 1 out of 1 

Qwen-72B-Chat 0.5 out of 2 1 out of 1 1 out of 1 
*Note: The reason Gemma still received assessment points is because it still gave the user a test like a standard mini 

cognitive test and determined the user did not have dementia. 

Table 4:  Mini Cognitive Assessment - Patient Gives Partially Incorrect or Unclear Answers to the Questions 

Asked. † 

Model Question Points Answer Points Assessment Points 

Llama-2-70B-Chat 0.5 out of 2 0 out of 1 0 out of 1 

Chat GPT 3.5 1 out of 2 0 out of 1 0 out of 1 

Chat GPT 4 1 out of 2 1 out of 1 0.5 out of 1 

Gemma-7B* 0 out of 2 n/a 0 out of 1 

Mistral-7B-v0.2 2 out of 2 2 out of 2 0.5 out of 1 

Qwen-72B-Chat 0.5 out of 2 1 out of 1 1 out of 1 

*Note: The reason Gemma still received assessment points is because it still gave the user a test like a standard mini 

cognitive test and determined the user did not have dementia. 
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Table 5: Mini Cognitive Assessment - Patient Gives Incorrect Answers to the Questions Asked. † 

Model Question Points Answer Points Assessment Points 

Llama-2-70B-Chat 0 out of 2 n/a 0 out of 1 

Chat GPT 3.5 0.5 out of 2 0 out of 1 1 out of 1 

Chat GPT 4 1 out of 2 1 out of 1 0.5 out of 1 

Gemma-7B* 0 out of 2 n/a 0 out of 1 

Mistral-7B-v0.2 2 out of 2 2 out of 2 0 out of 1 

Qwen-72B-Chat 0.5 out of 2 0 out of 1 0.5 out of 1 

*Note: The reason Gemma still received assessment points is because it still gave the user a test like a standard mini 

cognitive test and determined the user did not have dementia. 

 
Summary of Mini Cognitive Assessment Results 

 
Table 6: Mini Cognitive Assessment - Average Score (Displayed as a percentage) † 

Model Question Points Answer Points Assessment Points 

Llama-2-70B-Chat 25% 50% ~33% 

Chat GPT 3.5 ~42% ~33% ~66% 

Chat GPT 4 50% 100% ~66% 

Gemma-7B 0% n/a ~33% 

Mistral-7B-v0.2 100% ~83% 50% 

Qwen-72B-Chat 25% ~66% ~83% 
†Note. a) All percentages are rounded unless stated otherwise. Rounding was done using standard rounding rules, b) 

The best in a category is represented in blue, and c) the worst in a category is represented in red. 

 

Table 7: Mini Cognitive Assessment - Average Score (Ranked) † 

Model Question Points Answer Points Assessment Points 

Llama-2-70B-Chat T4th 4th T4th 

Chat GPT 3.5 3rd 5th T2nd 

Chat GPT 4 2nd 1st T2nd 

Gemma-7B 6th 6th T4th 

Mistral-7B-v0.2 1st 2nd 3rd 

Qwen-72B-Chat T4th 3rd 1st 
†Note.  a) The best in a category is represented in blue, b) the worst in a category is represented in red, and c) the 

“T” prefix corresponds to a tie. 

 

Mini Mental State Exam 

 
Table 8: Mini Mental State Exam – Patient Gives the Correct Answers to the Questions Asked. † 

Model Question Points Answer Points Assessment Points 

Llama-2-70B-Chat 2 out of 11 1 out of 1 1 out of 1 

Chat GPT 3.5 6 out of 11 6 out of 6 1 out of 1 

Chat GPT 4 10 out of 11 10 out of 10 1 out of 1 

Gemma-7B 2 out of 11 2 out of 2 1 out of 1 

Mistral-7B-v0.2 3 out of 11 3 out of 3 1 out of 1 

Qwen-72B-Chat 7 out of 11 7 out of 7 1 out of 1 
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Table 9: Mini Mental State Exam – Patient Gives Partially Incorrect or Unclear Answers to the Questions 

Asked. † 

Model Question Points Answer Points Assessment Points 

Llama-2-70B-Chat 1 out of 11 0 out of 1 0 out of 1 

Chat GPT 3.5 9 out of 11 6 out of 9 0.5 out of 1 

Chat GPT 4 7 out of 11 5 out of 7 0.5 out of 1 

Gemma-7B 2 out of 11 0 out of 2 0 out of 1 

Mistral-7B-v0.2 3 out of 11 3 out of 3 1 out of 1 

Qwen-72B-Chat 2 out of 11 1 out of 2 0.5 out of 1 

Table 10: Mini Mental State Exam – Patient Gives Incorrect Answers to the Questions Asked. † 

Model Question Points Answer Points Assessment Points 

Llama-2-70B-Chat 3 out of 11 1 out of 3 0 out of 1 

Chat GPT 3.5 9 out of 11 0 out of 9 0.5 out of 1 

Chat GPT 4 9 out of 11 4 out of 9 0.5 out of 1 

Gemma-7B 2 out of 11 0 out of 2 0 out of 1 

Mistral-7B-v0.2 3 out of 11 3 out of 3 0.5 out of 1 

Qwen-72B-Chat 4 out of 11 3 out of 4 0.5 out of 1 

 

Summary of Mini Mental State Exam Results 

Table 11: Average Score (displayed as a percentage) † 

Model Question Points Answer Points Assessment Points 

Llama-2-70B-Chat ~18% 40% ~33% 

Chat GPT 3.5 ~72% 50% ~66% 

Chat GPT 4 ~79% ~73% ~66% 

Gemma-7B ~18% ~33% ~33% 

Mistral-7B-v0.2 ~27% 100% ~83% 

Qwen-72B-Chat ~39% ~85% ~66% 
†Note. a) The best in a category is represented in blue, and b) the worst in a category is represented in red. 

Table 12: Average Score (Ranked) † 

Model Question Points Answer Points Assessment Points 

Llama-2-70B-Chat T5th 5th T3rd 

Chat GPT 3.5 2nd 4th T2nd 

Chat GPT 4 1st 3rd T2nd 

Gemma-7B T5th 6th T3rd 

Mistral-7B-v0.2 4th 1st 1st 

Qwen-72B-Chat 3rd 2nd T2nd 
†Note.  a) The best in a category is represented in blue, b) the worst in a category is represented in red, and c) the 

“T” prefix corresponds to a tie. 

Qualitative scoring system 

Llama-2-70B-Chat – 6th 

Overall, the Llama 2 model seemed to not ask the right questions and would sometimes forget what it was 

set to do. This would cause tests to continue for a long time with similar kinds of questions being asked. 

The researcher would sometimes have to interrupt Llama to end the assessment and receive a diagnosis.  

ChatGPT 3.5 – 2nd 

ChatGPT 3.5 is a top three choice when looking at which model should serve as the backbone for the chat 

bot. Chat GPT does a great job of asking the right questions as well as labeling each section, so the user 
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knows what kind of question they are being asked. The only downside is that not all questions were asked, 

and questions could be slightly inconsistent per test. 

ChatGPT 4 – 1st 

Chat GPT 4 would be the best choice for the model to serve as the driving force of the chat bot. Chat GPT 

4 is the latest model from open ai and while Chat GPT 3.5 performed better in certain categories overall 

Chat GPT 4 performed the best. It handled each situation appropriately.  

Gemma-7B – 4th 

Gemma quantitatively performed nearly the worst with the questions not necessarily being bad but rather 

not what was expected for a standard assessment. While close with Mistral in score, Gemma outperformed 

Mistral in how it displayed the questions and interacted with the researcher.  

Mistral-7B-v0.2 – 5th 

Mistral seemed to ask good questions however it seemed to mix up Mini Cognitive questions with Mini 

Mental State Exam questions. The one edge I would give it over models like gemma or Llama is that it did 

explain each question’s answer and would state if it was correct, incorrect, or in between. It also seemed to 

do well in the Mini Cognitive portion.  

Qwen-72B-Chat – 3rd 

Qwen is a model that is in contention for future fine tuning. Qwen performed near the upper half of results 

and feedback during interactions felt simple. Qwen also did a decent job of answer analysis.  

Discussion 

Table 13:  Scoring Summary Ranked† 

Model Question Points Answer Points Assessment Points 

Llama-2-70B-Chat T5th 5th T3rd 

Chat GPT 3.5 2nd 4th T2nd 

Chat GPT 4 1st 3rd T2nd 

Gemma-7B T5th 6th T3rd 

Mistral-7B-v0.2 4th 1st 1st 

Qwen-72B-Chat 3rd 2nd T2nd 
†Note.  a) The best in a category is represented in blue, b) the worst in a category is represented in red, 

and c) the “T” prefix corresponds to a tie. 

Table 14:  Scoring Summary by Percent† 

Model Question Points Answer Points Assessment Points 

Llama-2-70B-Chat ~18% 40% ~33% 

Chat GPT 3.5 ~72% 50% ~66% 

Chat GPT 4 ~79% ~73% ~66% 

Gemma-7B ~18% ~33% ~33% 

Mistral-7B-v0.2 ~27% 100% ~83% 

Qwen-72B-Chat ~39% ~85% ~66% 
†Note. a) The best in a category is represented in blue, and b) the worst in a category is represented in red. 

 

The results from these findings indicate that out of the box large language models can provide both a Mini 

Cognitive Assessment and Mini Mental State Exam however significant work will need to be done to have 

the models perform at an acceptable level to be used in a non-academic setting. While models were able to 
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ask either standard questions or questions like standard questions their interpretation of answers would 

sometimes be wrong, or the models could be tricked into believing a wrong answer was the right answer. 

An example is being able to lie about which three words or objects the patient was told to remember. Models 

could be tricked by the researcher into believing that the three words the researcher gave were correct 

answers.  

While this didn’t happen every time it is still an issue that will need to be addressed in some capacity. One 

common issue that the models had that will need to be either circumvented or a solution will need to be 

created is that for a standard Mini Mental State Exam the patient is supposed to have their level of 

consciousness noted and considered when giving a diagnosis. This would be hard for a model to achieve 

without some form of facial recognition software or sentiment analysis.  

Another issue related to answers was that models would rarely restate the question if the researcher 

answered wrong or stated they weren’t sure what the answer was. This could be perceived as a non-issue, 

however certain questions such as the name 3 objects question from the Mini Mental State Exam require 

the assessment giver to repeat the question until the patient repeats the objects. They are to also count the 

number of times this takes. This means that a solution would be needed for this issue in its current form.  

Future work would also have to go into providing the assessments in a way that doesn’t overwhelm the user 

as some models would ask all the questions at once without allowing the user to answer each question one 

at a time. Some models, such as the GPT models, would allow the user to answer one at a time but would 

still give all the questions at once while occasionally realizing the user wanted the questions one at a time. 

We were able to get around this by adding additional information in the prompt to have it ask questions one 

at a time (see the Methodology section). 

Models also were found to not have consistent questions for each test. While most questions asked were 

similar across each portion of testing there were some slight variations in either questions asked or wording 

of questions. This is expected from large language models as they are generating new answers from user 

input each time.   

More work will need to be done to make the models more consistent in the questions they ask. Models also 

seemed to struggle with certain kinds of questions related to drawings, however this is not entirely their 

fault. A standard question in the Mini Cognitive Assessment is to draw a clock and a standard question in 

the Mini Mental State Exam is to have the patient draw a design. Both questions require something that, 

while theoretically possible, would be hard to do. For the models to understand if a drawing is good or bad, 

they would need to first be able to see the image followed by being able to determine if the image is good 

or not.  

Conclusion 

Future work will need to be done in creating a dataset for fine-tuning the top LLM model. One limitation 

that was discovered during early planning stages was that it was hard to find datasets related to the objective 

of the research. While medical datasets exist, they were datasets related to broad medical questions and 

lacked the specificity needed for a fine-tuned dementia chat bot.  A dataset will need to be created consisting 

of questions to ask for each kind of assessment. This dataset could feature the same question several times 

but slightly rephrased with the end goal of eliminating the model missing standard questions. This dataset 

could be assembled by hand or depending on the dataset creator’s resources could be done using AI.  

Another dataset may be needed to help the models overcome user variability in the user’s response. While 

it is near impossible to create a dataset with every possible answer to a question on an assessment, it is 

possible to leverage current large language models to understand when an answer is not sufficient. This was 

evidenced through testing with the large language models where in certain circumstances, the models 
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correctly identified that an answer was not sufficient or understood that they needed to ask the question 

again. This means that a dataset could be created consisting of examples of questions, answers, and follow-

up actions which are labeled as wrong or right.  

Regarding what questions are asked, ideally the chat bot should ask standard assessment questions. 

Problems arise with certain types of questions that ask the user to follow a certain command or draw a 

certain design. These types of questions will either need to be replaced or the model will need to be trained 

or supported with computer vision to be able to interpret whether a command is followed, or a design is 

acceptable. The use of computer vision also introduces both the need for an additional dataset of drawings 

for the model to be trained on but also works on the assumption that every user has a camera or some 

method to upload their photo. While it is possible to use computer vision it may be more efficient to simply 

replace the questions.  

Once the dataset is assembled, a model will need to be fine-tuned. The current recommendation based on 

the researcher’s findings is that future work should utilize ChatGPT 4 or the latest version of the ChatGPT 

model. While other models and companies shouldn’t be ruled out, ChatGPT4 in its current form did 

reasonably well at performing the cognitive assessment exams.  Fine-tuning the model can be done in 

python or through a paid service. The benefit of a paid service is that it would require less coding as fine-

tuning services ask for your data and some parameters and would not require you to find a third party to 

supply GPUs for training. The downside, and what plays into the strength of training from scratch, is that 

you lose out on flexibility when you code the fine-tuning yourself. By coding the fine-tuning program by 

hand, you have more flexibility and customization, but at the expense of programmer development time 

and GPU processing cost. 

Finally, once the model is trained and ready to be deployed it should be used in place of the current non-

fine-tuned LLM.   Future work for the web portion would include a more realistic avatar as well as more 

realistic facial movements as the technology progresses. It is also recommended that future work on the 

web portion should include input via speech using speech to text translation. This would allow users who 

aren’t as comfortable with a keyboard or can’t use a keyboard to be able to still interact with the chat bot.  

The last part of the recommendation portion of this research is a bit more speculative but will hopefully be 

useful in future work. The future dementia chatbot should go beyond doing a cognitive assessment, but also 

interact with patients to stimulate the brain through a mix of casual conversation and game playing. The 

future dementia chat bot should also be able to repeatedly give users frequent assessments and track their 

cognitive state without the need for frequent caregiver visits.  The current stage of research is simply to 

have the large language models give an initial assessment with this initial assessment serving as a baseline 

for future assessments. The future chat bot will need to be able to either independently or with minimal 

human interaction recognize when a patient is getting worse than expected and either take corrective actions 

or inform the necessary caregiver.  

This research has created a framework that uses a 3D avatar-based chatbot that integrates an out-of-the-box 

LLM to help users interact with the chatbot in a more natural, conversational way.  The research evaluated 

several models for performing cognitive assessments and helped to establish which models should be 

further fine-tuned for this purpose. The implications of this work are that it may be possible to replicate 

some human-to-human interaction and evaluation in a medical setting using AI chatbots.   
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