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Abstract. Due to demographic change, health economics is increasingly focused on 
the quality of life in advanced age and the associated cost aspects. Dementia is one 
of the key issues in this area and its efficient treatment will become increasingly 
relevant in the near future. Our system aims to automatically create treatment plans 
for dementia patients in a digital platform. To this end, three algorithms were 
implemented: a rule-based approach, an approach based on artificial neural 
networks, and an approach using large language models. A comprehensive synthetic 
dataset with fictitious patients, medical problems, and treatments was created for 
training and evaluation of the algorithms. 
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1. Introduction 

55 million people are living with dementia today and this number is forecast to rise to 
139 million by 2050, posing a major challenge for the medical community [1]. The 
FINGER study explored the causes of dementia, revealing that a healthy diet, regular 
physical activity, cognitive training, and other interventions contribute decisively to 
preserving cognitive functions [2]. 

Addressing the challenges posed by dementia, the Metis research system consisting 
of a web platform and a smartphone app [3] empowers physicians to identify and assess 
risk factors, enabling personalized interventions for patients. Digital platforms such as 
the Metis system are not yet widely used by physicians, but there is a growing interest in 
them [4]. 

A core element of the Metis web platform is the treatment plan editor, allowing 
practitioners to create treatment plans graphically [5]. Figure 1 shows an example 
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treatment plan addressing obesity (orange) with two interventions (red). The treatment 
plan is rounded off with challenges (blue) that motivate patients to achieve their personal 
health goals. 

 
Figure 1. Treatment Planning in the Metis platform. Using the graphical editor, practitioners can create 

treatment plans for their patients. 

With a growing shortage of physicians [6], exacerbated by demographic shifts, it is 
crucial to relieve physicians of time-consuming work such as creating individualized 
treatment plans, especially when similar to existing plans. Therefore, this paper discusses 
possibilities for the Metis platform to enable physicians to generate treatment plans 
automatically. A system designed to generate such plans automatically must: (1) select 
the appropriate treatment elements from all the available ones in the platform based on 
present risk factors and the patient's health data, and (2) relate the selected treatment 
elements correctly by drawing connections. 

2. Methods 

Three different algorithms for automatic treatment planning of varying complexity were 
implemented, tested, and compared for the implementation of a decision support system. 

The simplest, a rule-based approach, focuses on program stability and avoiding 
fundamentally incorrect treatment suggestions. It identifies common patterns and assigns 
the most frequently prescribed treatment for each medical issue based on existing 
treatment plans. In the implementation of the rule-based algorithm, all existing plans of 
all patients are considered, and it is counted for each risk factor how often which 
treatment was used against it. To generate a treatment plan for a new patient, the 
treatments with the highest score for this patient’s risk factors are selected. 

The balanced algorithm uses an artificial neural network in the form of a multi-layer 
perceptron (MLP). Input nodes represent risk factors available in the Metis platform, 
output nodes represent available interventions and challenges. The presence of a risk 
factor and the assignment of a treatment element are coded binary. In the resulting output 
possible treatment methods are either accepted (1) or rejected (0). Figure 2 shows a 
simplified MLP for treatment planning. Our implemented MLP has 13 input nodes and 
28 output nodes. 
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Figure 2. Simplified MLP architecture with one input layer, two hidden layers, and one output layer. Three 

input neurons are used to input information about a patient's diagnosis and his age. This network can be used 
to predict interventions for medical conditions. 

The third algorithm is a large language model (LLM). The LLM is prompted to 
suggest suitable treatments for a patient's given risk factors. The desired structure of the 
response, i.e. the treatment plan, is also included in the prompt. It's based on a try-except 
structure to process responses, repeating up to ten times if errors occur. Using string 
extraction methods, the response can be translated into a treatment plan. Few-shot 
learning in the prompt stabilizes responses. The model used is GPT-3.5 Turbo from 
OpenAI. The LLM prediction process is visualized in Figure 3. 

 
Figure 3. LLM Algorithm Flow Chart. The LLM responds to a prompt. The treatment plan information is 

extracted from this response, transformed, and checked for errors. If errors are found, the process is repeated 
up to 10 times. 

3. Results 

Data is required for training, testing, comparing, and evaluating the algorithms, but a 
challenge lies in the absence of a definitive ground truth. No publicly accessible dataset 
correlates (dementia) risk factors and interventions, and the highly personalized nature 
of treatment plans makes defining an ideal plan for an individual difficult. 

For this reason, a synthetic dataset was created. It includes seven patients of different 
age groups (30-90), twelve of the most relevant dementia risk factors, 13 interventions, 
and 22 challenges. From this, 41 treatment plans were created, the meaningfulness of 
which is based on literature research. Table 1 shows an overview of which interventions 
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were found to be effective against which risk factor, and the training dataset was created 
based on these proposals. For reasons of space, a more detailed insight into the 
development of the 41 ground truth treatment plans can be found on GitHub2. 

Table 1. Synthetic training data. The table shows valid treatment possibilities for the most relevant dementia 
risk factors. Treatments are only represented by interventions; specifying challenges have been omitted for 
reasons of space. 

 
For testing, all three algorithms were applied to a large number of fictional patients. 

The automatically generated dataset includes all possible combinations of up to three risk 
factors. The age of the patients was randomly assigned between 20 and 100. 

With the number of possible risk factors being twelve, this resulted in a total of 
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 test patients. 

All 3 algorithms were applied to each of the test patients. For all assignments of 
interventions and also challenges to risk factors, it was then evaluated whether these were 
correct according to Table 1. 

A suitable comparison metric is the ratio of correct assignments of treatment 
elements to the total number of assignments made (see Eq. 1). The results for each of the 
algorithms can be found in Table 2. 
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Algorithm Total Predictions Correct Predictions Correct Ratio 
Rule-based 1608 1608 1 
MLP 3593 3007 0.837 
LLM 4145 2481 0.599 

Table 2. Results of the Algorithms. The table summarizes the performance of the three methods on the test 
dataset. The rule-based method mirrors the training data, while the LLM shows the highest error rate. The 

MLP is right in the middle in terms of the correct ratio. All results should always be checked by a physician. 

 
2 https://github.com/f-mazura/automatic-treatment-plan-generation, 07.01.2025 
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4. Discussion 

The rule-based algorithm offers simplicity and efficiency, leveraging established trends 
in medical practice to inform decision-making. However, it does not consider much 
detailed information about the patient, such as the patient's age or other risk factors. 

The balanced algorithm does not deliver as rigid results as its rule-based counterpart 
but brings less creativity into the planning process than the creative algorithm. The 
balanced algorithm can detect/treat combinations of risk factors, and personal 
information about the patient (e.g. age, etc.) can be included in the treatment. This is the 
most notable aspect in which the rule-based algorithm lags behind the AI-based 
algorithms. 

While the first two algorithms are based on existing treatment plans as a training set, 
the creative algorithm using an LLM is able to introduce new treatment ideas. Although 
entailing more risk, this approach could open new possibilities for automated treatment. 
The rapid development of LLMs in the recent past makes this algorithm particularly 
interesting. At present, however, the rule-based and MLP-based algorithms are the more 
consistent choice, as they show a lower deviation from the training dataset (see also Table 
2). 

5. Conclusions 

The developed system can automatically create treatment plans for dementia patients 
within a digital dementia platform using one of three implemented algorithms of varying 
complexity. It provides a good and operational basis for further improvements. In 
particular, the application of LLMs is very promising for the future, as their rapid 
development is expected to further enhance the performance of the LLM-based 
algorithm. An important next step in enhancing the decision support system will be to 
expand the dataset in collaboration with medical experts. 

In times of demographic change and increasing prevalence of dementia, this system 
has the potential to significantly reduce the time physicians spend on treatment planning, 
enabling them to focus more on patient care. 
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