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Abstract 
 

Dementia is a progressive and complex disease and one of the largest healthcare problems of 

this century worldwide. This study examined the integrated performance of qualitative system 

dynamics and quantitative machine learning for explaining and predicting cognitive decline in 

dementia to support medical decision-making. Rush Alzheimer's Disease Center provided the 

data used in this study, and specific variables were selected based on a system dynamics model 

covering variables contributing to cognitive decline in dementia patients—these variables were 

then analysed with descriptive analyses followed by unsupervised and supervised machine 

learning. Unsupervised machine learning was done with the k-Means clustering algorithm for 

uncovering hidden patterns, and supervised machine learning was done with regression 

decision trees and the random forest algorithm for predicting. The findings of this study 

revealed that the combination of system dynamics and machine learning strengthen each other, 

mitigates the limitations of each approach, and provides a more thorough understanding of the 

factors that contribute to cognitive decline in dementia patients. The proposed iterative 

integration process, with the involvement of experts, could further increase the performance of 

this integration, leading to collective insights that can support medical decision-making. 
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Chapter 1 

Introduction 

1. Introduction 

ystem dynamics (SD) is an analytic methodology that helps understand complex 

problems and identify leverages for change (Rouwette, 2022). It is particularly effective 

in addressing the dynamic complexity of systems (Homer & Hirsch, 2006), deriving insights 

into the underlying viewpoints and how things change through time (Forrester, 1993; Forrester 

et al., 1976). In the field of SD, participatory SD modelling is an approach that involves 

stakeholders, experts, and clients at different stages of the modelling process (Eker et al., 2018). 

Participatory SD, in the form of group model building (GMB), aims to create group alignment 

through shared language and consensus among participants (Scott et al., 2016), and 

stakeholders can exchange ideas and learn from each other (Király & Miskolczi, 2019). Vennix 

(1996) suggests that for understanding the relationship between structure and dynamics and 

creating a shared language for mutual understanding, building a qualitative SD model is 

sufficient and that this view does align with the goals of GMB.  However, the qualitative SD 

approach is less effective at processing lots of data because of the limited information-

processing capabilities of the human mind (Vennix, 1996). Furthermore, without 

quantification, it is difficult to fully understand systems or derive dynamic implications from 

them (Vennix, 1996). 

 Machine learning (ML) is a field within computer science that aims to enable computers to 

learn without being directly programmed (Bi et al., 2019). Like SD, ML is used in complex 

systems to analyse and understand complex data (Brunton et al., 2016) and explain complex 

patterns (Juarez-Orozco et al., 2020). ML is particularly effective in analysing large amounts 

of data to identify patterns or trends that may be time-consuming or hard for human experts 

(Cruz & Wishart, 2006). However, ML is subjected to systematic error when classifying 

subgroups or making predictions. These errors are often referred to as bias (Vokinger et al., 

2021) and can be present in the data (Hellström et al., 2020). Furthermore, ML lacks 

transparency in the reason behind a particular outcome. Ananny & Crawford (2018) call these 

algorithms black boxes, where understanding these systems is often difficult. 

As an attempt to address dynamic issues, the SD discipline is applied in a wide range of 

fields, including medical sciences, health care, educational problems, and many other areas 

(Barlas, 2007). ML techniques have been widely applied to address complex challenges across 

S 
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various domains, including medical, financial and environmental (Shehab et al., 2022). The 

applicability of SD has been demonstrated in a wide range of real-world problems, including 

those related to processes occurring in human bodies (Bozikov et al., 2018). Lewis (2017) 

identifies potential applications of ML for determining the stage of a medical disease. One 

medical condition that occurs in human bodies (Dening & Sandilyan, 2015) and calls for 

determining the stage of the medical disease is dementia (Lin et al., 2022). 

“Dementia is a syndrome due to disease of the brain, usually of a chronic or progressive 

nature…” (World Health Organization, 1992, p. 45). Because the progression of dementia is a 

multifaceted, tangled and degenerative process that unfolds gradually over time (Pal et al., 

2018), dementia will be approached as a complex system in this study. Dementia is known in 

various forms, such as AD, vascular dementia, dementia with Lewy bodies, frontotemporal 

dementia, and mixed dementia (Dening & Sandilyan, 2015). However, the most common cause 

of dementia is Alzheimer's Disease (AD) (Dening & Sandilyan, 2015), contributing to 

approximately 60-70% of all dementia cases (Zvěřová, 2019). AD causes impairment in 

cognition, function, and behaviour changes (Tschanz et al., 2011). Early signs of AD are 

memory loss and word-finding, which can progress to affect language, memory, and daily 

activities. The disease can also cause anxiety and lack of motivation and worsens over time, 

making the person unable to care for themselves (Dening & Sandilyan, 2015) and, ultimately, 

death (Xu et al., 2018). While age-related cognitive decline is a normal decline in memory 

associated with ageing (Er et al., 2017), Mild Cognitive Impairment (MCI) is a transitional 

state between normal and pathological ageing (Yates et al., 2016). Although MCI can progress 

to AD over time, not all patients with MCI will develop the disease (Tanveer et al., 2020). The 

transition from a healthy state to AD in individuals with the disease can take many years 

(Tanveer et al., 2020), and around 46% will develop dementia within three years, in contrast to 

3% of an age-matched population (Tschanz et al., 2006). MCI is severe enough to be noticed 

by other persons and to register on cognitive tests (Babič et al., 2020), but with maintaining 

nearly all day-to-day independence (Breton et al., 2019). AD has no known cure (Grabher, 

2018), but interventions are likely to be effective in the early stages of MCI.  

AD is the largest healthcare problem of this century globally (Sarica et al., 2018), and 

according to the World Alzheimer Report (2018), approximately 50 million people were 

affected by AD in 2018, and it is predicted that this number will triple by 2050. Approximately 

290,000 individuals in the Netherlands are living with dementia, with projections indicating 

that this figure will surpass half a million by 2040 (Alzheimer Nederland, 2021). Dementia was 

responsible for the highest number of deaths in the Netherlands in 2016, with one out of every 
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ten deaths being assigned to this condition (CBS, 2016). Furthermore, Alzheimer Nederland 

(2022) reports that every hour, five new individuals are diagnosed with dementia in the 

Netherlands. The expenses related to dementia care in the Netherlands are on the rise, with the 

disease accounting for the highest national healthcare costs, even though 79% of patients 

receive care at home from family or their immediate surroundings (Alzheimer Nederland, 

2022). The increasing number of Alzheimer's patients is expected to escalate these costs 

further, putting a strain on society (Alzheimer Nederland, 2022). 

Over the past few years, SD has been used to better understand AD, dementia, and related 

cognitive decline (Seifert et al., 2022; Uleman et al., 2021, 2023). Over the past decade, ML 

techniques have proven to be very useful for the diagnosis of MCI (Babič et al., 2020), AD 

(Tanveer et al., 2020), and the prediction of cognitive decline progression in AD (Haaksma et 

al., 2018). Moreover, multiple studies have investigated the use of SD and ML techniques to 

predict or explain the cognitive decline in patients and assist clinicians in making medical 

decisions in the diagnosis process (e.g., Awaysheh et al., 2019; Brnabic & Hess, 2021; Dallora 

et al., 2017; Haaksma et al., 2018; Kumar et al., 2021; Seifert et al., 2022; Uleman et al., 2021).  

However, to my knowledge there is no research dealing with the integration of SD and ML. 

While SD and ML are used in dementia research, both have limitations when used 

independently. As mentioned earlier, qualitative SD is less effective at processing lots of data 

and lacks the ability to derive dynamic behaviour from complex systems (e.g., dementia). 

Quantitative ML has the ability to analyse large amounts of data and identify patterns or trends 

in these systems. However, ML has problems with bias and transparency, which could be 

addressed with qualitative SD where medical experts are involved. This suggests that SD and 

ML have valuable characteristics and when integrated could strengthen each other and 

overcome some of their individual shortcomings for decision making in dementia. Despite this, 

there is a lack of integration of SD and ML, and this study aims to address this knowledge gap.  

By combining quantitative ML and qualitative SD, this study will examine the performance of 

explaining and predicting the progression of cognitive decline in dementia patients for 

ultimately supporting medical decision-making. Hence, the primary research question is: What 

is the performance of qualitative system dynamics combined with quantitative machine 

learning for supporting the medical decision-making process when it comes to explaining and 

predicting the progression of cognitive decline of patients developing dementia with the 

analysis of real-world data? The main question is broken down into two sub-research questions: 
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• Sub-RQ1: What is the integration process among qualitative system dynamics and 

quantitative machine learning for explaining and predicting the progression of cognitive 

decline of patients developing dementia? 

 

• Sub-RQ2: What are the advantages and disadvantages of combining qualitative system 

dynamics and quantitative machine learning for explaining and predicting the progression 

of cognitive decline of patients developing dementia? 
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Chapter 2 

Theoretical background 

2. Theoretical background 

This chapter presents this study's theoretical concepts, including the approach to dementia 

patient trajectory, common variables in dementia and the conceptual model. 

 

2.1  Dementia patient trajectories as a complex system 

Dementia is not a solitary disease. Instead, it is a clinical syndrome consisting of a group of 

symptoms and features that arise together, creating a distinct, recognisable pattern (Namugenyi 

et al., 2019). “The development of dementia is a complex multifactorial degenerative process 

that evolves over time” (Pal et al., 2018, p. 1150). According to Uleman et al. (2023), AD is 

recognised as a complicated condition influenced by numerous causal factors. More and more 

researchers in the field are advocating for the use of complexity science methods, and a systems 

thinking approach to gain a deeper understanding of the complicated process of cognitive 

decline (Uleman et al., 2023). As mentioned in the introduction, the investigation of cognitive 

decline trajectories in patients with dementia will be approached as a complex system. SD and 

ML can help in such complex systems. 

The SD approach is used in studying complex dynamic systems and enables enhanced 

learning in these complex systems (Forrester, 1992; Sterman, 2001). It is a systems thinking 

technique (Sterman, 2000), and it aims to understand the behaviour of phenomena by 

identifying and understanding the underlying causal relationships (De Gooyert, 2019). The SD 

approach is characterised by causal feedback thinking, and conceptualising a system based on 

closed chains of relations is part of this (Eker et al., 2018). It combines the theory, methods, 

and philosophy necessary for analysing the behaviour of systems in fields like medicine 

(Barlas, 2007). The process of SD typically begins by identifying a problem that needs to be 

addressed or for gaining a clearer understanding of a particular situation (Forrester, 1993). In 

large and complex systems, people tend to reduce complexity because of the limited processing 

capacity of human minds (Simon et al., 1987; Vennix, 1996). Participatory SD, in the form of 

GMB, involves a group of stakeholders or experts for one or multiple sessions to construct a 

conceptual model. These sessions are guided by a facilitator, who typically remains neutral 

about the content (Voinov & Bousquet, 2010). Voinov and Bousquet (2010, p. 1269) add that 

“the modelling is considered as a process of building mutual understanding, defining terms and 
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notions, and sharing experiences.” The GMB approach creates group alignment through shared 

language and consensus among participants (Scott et al., 2016). In these sessions, stakeholders 

or experts are able to exchange ideas and learn from each other (Király & Miskolczi, 2019). 

Like SD, ML is used in complex systems to analyse and understand complex data (Brunton 

et al., 2016) and explain complex patterns (Juarez-Orozco et al., 2020). ML uses computational 

methods to improve system performance by learning from experience (Zhou, 2021). It is 

concerned with developing learning algorithms that enable computer systems to build models 

based on data. Experience is stored in the form of data, and by feeding these data into the 

learning algorithm, a model can be obtained. This model can then be used to make predictions 

on new observations (Zhou, 2021). Baloglu et al. (2020) define these as predictive models, 

which are mathematical functions that take an input variable, process it, and generate an output. 

The process used to generate the output is known as an algorithm. These algorithms adapt 

through repetition without being explicitly programmed. This process is called training, where 

the algorithm optimally configures itself only to produce desired outcomes from new, 

previously unseen data. This training is the learning part of ML. These algorithms can practice 

lifelong learning and learn from mistakes like humans (El Naqa et al., 2015). There are three 

types of ML, supervised learning, unsupervised learning, and semi-supervised learning. El 

Naqa et al., (2015), describes these as following: supervised learning algorithms uses process 

sensory, input signals for pattern recognition. The input data for example colour, shape, odour 

is paired with its known classification label. The learner can deal with similarities and 

differences when objects classified have many variable properties within their own classes but 

still have fundamental qualities that identify them. Most importantly, the successful learner 

should be able to recognize an apple or an orange that it has never seen before. Unsupervised 

learning algorithms starts with an objective. Overtime the algorithm learns overtime by 

practicing in a trail-and-error manner. For each trail, the algorithm gets better and adjust to 

achieve its objective. Semi-supervised learning algorithms is a combination of the other two 

algorithms where parts of data are labelled, and other parts are unlabelled. These kinds of 

scenarios are most close to how humans develop skills.  

While qualitative SD is effective at enhancing learning in complex systems (Forrester, 

1992), and when it is paired with participatory SD, shared meaning can be developed for a 

better understanding of the problem (Vennix, 1996), as mentioned in the introduction it has 

some pitfalls regarding processing lots of data and the difficulties of fully understanding 

systems or derive dynamic implications from them (Vennix, 1996). 
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Compared to qualitative SD, ML techniques can handle vast amounts of data that would be 

impractical to analyse manually and uncover valuable insights. Additionally, ML techniques 

are capable of uncovering hidden patterns and useful information from data (Rao et al., 2021). 

It is also especially effective in analysing large amounts of data to identify patterns or trends 

that may be time-consuming or hard for human experts (Cruz & Wishart, 2006). However, as 

mentioned in the introduction, ML is subjected to systematic error, which is referred to as bias 

(Vokinger et al., 2021), and it lacks transparency in the reason behind a particular outcome, 

where understanding these systems is often difficult (Ananny & Crawford, 2018). 

 

2.2  Common variables for dementia 

The SD approach has been used in dementia research with the main focus on mapping the 

interrelations of cognitive decline, with a focus on capturing its complexity and gaining a 

deeper understanding (Seifert et al., 2022; Uleman et al., 2021). More specific participatory 

SD, in the form of GMB, was used by Uleman et al. (2021) for the development of a causal 

loop diagram which presents a summary of knowledge that experts agreed upon to help clarify 

the central processes involved in the onset and progression of AD. These experts consist of AD 

researchers and computational modellers. With participatory SD, model variables, causal 

relationships, parameter values and nonlinearities can be obtained from stakeholders with 

diverse expertise (Eker et al., 2018). 

 First and foremost, it is important to note that I do not have medical expertise but the 

literature covering cognitive decline in dementia has discovered the following: Uleman et al. 

(2021) combined literature with participatory SD and identified thirty-eight factors in three 

clusters: brain health, physical health, and psychosocial health, that show how interaction and 

feedback mechanisms lead to cognitive decline starting from midlife onward. In a later study, 

Uleman et al. (2023) simulated the multicausality of AD with SD. In this paper, they build 

further on Uleman et al. (2021). In addition to SD, the research has also covered ML for 

explaining and predicting the trajectory of cognitive decline in dementia cases (Er et al., 2017; 

Haaksma et al., 2018). Haaksma et al. (2018) identified three latent progression classes in AD: 

slow, moderate and rapid with worse Mini-Mental State Examination (MMSE), which is a 

measure that assesses the severity of cognitive impairment (Cockrell & Folstein, 2002), at 

diagnosis predicting faster AD progression. More on the variable MMSE in the methods 

section. 
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Other literature on cognitive decline showed that higher medical comorbidity was linked to 

lower MMSE scores, and increased medical comorbidity also showed an independent effect on 

cognition in AD patients (Doraiswamy et al., 2002). Albert (2011) found that AD pathology, 

even when it is within the normal range, can still subtly affect cognition. Furthermore, Stern et 

al. (1994) found that the annual rate of cognitive change of patients with AD strongly depended 

on their baseline severity and that the rate of cognitive change differed from MCI to moderate 

cognitive impairment and severe dementia. This implies that the cognitive decline itself and 

overtime gradual decline can both be possible predictors of further cognitive decline. 

 

2.3  Conceptual model 

To explore the integrated performance of SD and ML, a subset of the model developed by 

Uleman et al. (2023) is used as the SD model in this study. From the original model, the fifteen 

most important variables identified by Uleman et al. (2023) were selected, of which eleven 

were available in the used dataset. In addition, six relevant supporting variables were included, 

resulting in seventeen variables for the model. Additionally, six other relevant supporting 

variables were chosen for closing the loop to prevent isolated variables, resulting in an SD 

model with seventeen variables. Below in Figure 1, this model is displayed as the conceptual 

model and will serve as input for the ML process. The methods section will discuss further 

details regarding the corresponding variables in the used dataset and analysis methods. 

 

 

Figure 1. SD model based on Uleman et al. (2023) as the conceptual model 



 

 

16 

 

Chapter 3 

Methods 

3. Methods 

This chapter presents the methods section of this study, which covers the sample description, 

pre-processing, data selection, data analysis methods and ethical considerations. 

 

3.1  Sample description 

This study used secondary data, which refers to information that has been collected for other 

purposes and is being used in a different study (Denscombe, 2010). The dataset used in this 

study is from the Research Resource Sharing Hub (RADC) (https://www.radc.rush.edu), more 

specifically, the Memory and Aging Project (MAP) The primary goal of MAP is to establish a 

comprehensive understanding of the connections between genetic and environmental risk 

factors and the onset and progression of AD. The study examines risk factors for AD in older 

individuals without dementia, who undergo annual clinical evaluations and organ donation 

after death (Bennett et al., 2005). According to Bennet et al. (2005), unlike other clinical-

pathological studies focusing on specific populations, MAP includes diverse participants with 

varying levels of education and different genders, races, and ethnicities. MAP began in 1997, 

and between September 1997 and April 2005, over a thousand elderly individuals from more 

than thirty residential facilities located throughout the Chicago metropolitan area in the United 

States volunteered to participate in the study (Bennett et al., 2018). The RADC dataset consists 

of two separate tables: one with baseline variables (non-longitudinal) and another with annual 

data (longitudinal). Participants in the RADC dataset consented to undergo yearly assessments 

of risk factors, blood donation, and comprehensive clinical evaluations (Bennett et al., 2012), 

which is hereafter called a follow-up. The study is, to this date, still ongoing, and the dataset 

used in this study is up until April 2019, which contains 2.138 patients with 13.696 follow-ups. 

 

3.2  Pre-processing and data selection 

Considering the focus of this study on explaining and predicting cognitive decline trajectories 

of patients developing dementia, subjects who, at baseline already diagnosed with AD or other 

dementia (OD) were excluded from the dataset (N = 113), leaving 2015 (94.2%) subjects with 

13.281 (98.0%) follow-ups. Figure 2 displays the distribution of the baseline (pre-processed) 

diagnosis, and Figure 3 presents the distribution of the annual follow-ups. 

https://www.radc.rush.edu/
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Figure 2: Diagnosis at baseline, before and after pre-processing 

 

These 13.281 follow-ups ranged from baseline year 1 up to year 22. After ten years, 512 

patients (25.4%) remained in the dataset. To ensure reliable results, follow-ups beyond ten 

years were excluded. No additional exclusion criteria were used to ensure the representation of 

the original sample that could potentially develop late-onset MCI, AD or OD. 

 

 

Figure 3: Patient count per annual follow-up year 

 

As a result, the processed dataset included 2015 patients (94.2% of the original dataset, 

hereafter 100%) with 11.649 follow-ups (85.1% of the original dataset, hereafter 100%). 
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The complete RADC dataset consisted of over a hundred variables, but because this study 

integrated SD and ML, the selected variables were based on the SD model displayed in Figure 

1. Most of the variables out of the SD model were directly accessible within the RADC dataset. 

The mapping of the RADC dataset and SD model is summarized in Appendix C (Table 22). 

These four variables required transformation for calculation purposes or improved 

interpretability: depressive symptoms, excessive alcohol use, obesity, and ApoE-4 carriership. 

The other thirteen variables were not transformed. For depressive symptoms, the variable 

depressive disorder had four levels (0-4), highly probable, probable, possible, and not present. 

These four levels were transformed to (0-1), not present (including not present and possible) 

and present (including highly probable and probable). For excessive alcohol use, the variable 

lifetime daily alcohol intake was available, which consisted of units of alcohol per month, week 

and month with values ranging from (0.0-6.0), less than one drink per month and 6+ drinks per 

day. According to the NHS (2022), alcohol misuse is defined as regularly consuming fourteen 

units of alcohol per week or more. Based on this the variable excessive alcohol use was 

transformed into three subcategories (low: 0, medium: 1, high: 2). Low represents 1 drink per 

week or less, medium ranges from 2-4 drinks per week up to 1 drink per day and high ranges 

from 2-3 drinks per day up to 6 drinks or more per day. The latter is in line with the definition 

of alcohol misuse by NHS (2022). The low and medium categories were separated because 

both groups had considerably different alcohol consumptions showing dissimilarity between 

the categories and if aggregated, this information would have been lost. 

In the RADC dataset, obesity was not available, so this had to be calculated based on the 

Body Mass Index (BMI). The definition of Purnell (2015) is followed, where a BMI of 30.0 

and higher is classified as obese (0-1). The apolipoprotein E genotype, with six types (22, 23, 

24, 33, 34, 44) was avalible in the dataset, which is a protein found in the brain (Wang & Eckel, 

2014). The presence of E4 allele (also called ApoE-4) is considered a susceptibility gene and 

a risk factor for both sporadic and familial cases of dementia (Bakkar et al., 2010). Therefore, 

the genotype for each patient was counted, where values 22, 23 and 33 have 0, 24 and 34 have 

1, and value 44 has 2 ApoE-4 genotypes (0-2).  

Appendix B provides a description and measurement method for each variable. Other more 

general variables that were used in this study but not present in the SD model were: gender (0: 

female, 1: male), age at visit (years), follow-up year (years), age at death (years) and died flag 

(0-1) (which was a calculated variable for mortality). The complete sample data is summarized 

in Appendix A (Table 10). 
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3.3  Data analysis methods 

The Mini Mental State Examination (MMSE) is a measure that assesses the severity of 

cognitive impairment. Items of the MMSE include various tests including recall, calculation, 

reading and writing. Decreasing scores of repeated tests indicate deterioration in cognition. A 

perfect score on the MMSE is 30, while the average score for people aged 65 and older is 27 

(Cockrell & Folstein, 2002). Wolfe (2016, p. 512) defines the following reference to MMSE 

scores: “mild severity greater than or equal to 20, mild to moderate, 10–26; moderate to severe, 

less than 14; and severe, less than 10.”  

Er et al. (2017) examined the distinguishability between age-related cognitive decline and 

dementia based on neurocognitive tests and found that neurocognitive tests were sufficient for 

distinguishing age-related cognitive decline from MCI or AD. Therefore, the progression of 

repeated MMSE measures over time, also called cognitive decline trajectories, were used in 

this study to explain and predict cognitive decline in dementia patients.  

 Kumar et al. (2021) reported that in studies predicting the development of cognitive decline 

in MCI, AD and OD, two data analysis techniques, ML and microsimulation, have been used. 

Of the thirty-seven studies reviewed by Kumar et al. (2021), ML was chosen as the data 

analysis technique in thirty-five. Furthermore, there has been an increasing trend in applying 

ML to clinical data for estimating prognoses for AD (from one study conducted in 2014 and 

2015, to more than twenty in 2018 and 2019) (Kumar et al., 2021). There are various 

appropriate computational methods for analysing the data with ML. Kumar et al. (2021) 

identify the following: regression, support vector machines, decision trees, Bayesian networks, 

neural networks, natural language processing and others (K-nearest neighbour and k-Means). 

In 50% of these studies’ decision trees were selected, and in 11%, K-nearest neighbour or k-

Means were selected. Most of the studies selected these ML models to predicting the 

progression of dementia, and with it provide insights to assist clinicians with decision-making 

(Kumar et al., 2021). Based on these findings, this study used three ML models: k-Means 

(unsupervised), decision trees (supervised) and random forest (supervised). These algorithms 

are further explained in Appendix D. These models and associated packages were applied with 

statistical software called R (Wickham & Grolemund, 2016). The code produced during the 

analysis process is added in Appendix I.  

 
Table 1: Overview of regressors, pre-processing and hyperparameters (algorithm settings) 

Models R package Pre-processing Hyperparameter 



 

 

20 

 

K-Means 
KmL (Genolini & 

Falissard, 2010) 

Feature selection, data 

transformation, range selection 
Max NA, redraws 

Decision Tree RPART  
Feature selection, exclusion of 

missing data  

Complexity, max 

depth, min bucket 

Random Forest 

LongituRF 

(Capitaine et al., 

2021) 

Feature selection, range 

selection, exclusion of missing 

data, data transformation 

Stochastic process 

 

Table 1 provides an overview of the models, packages, pre-processing and hyperparameters 

(algorithm settings) used in this study.  

Additional processing was required to ensure compatibility with the packages and 

algorithms. For the K-means clustering with KmL, the MMSE score, follow-up years, and 

patient ID were extracted for each patient. The data were then transformed from a long to a 

wide format, which was necessary for compatibility with KmL. To cluster as many patients as 

possible while ensuring reliable results, the maximum number of missing MMSE scores in one 

trajectory was set to six. This max NA hyperparameter was chosen because patients in the 

descriptive analysis showed notable separation in MMSE trajectories after the fourth year, and 

on average, around half of the MCI patients develop AD after the third year (Tschanz et al., 

2006). The algorithm was redrawn twenty times, which is the default value of KmL. Redrawing 

the algorithm involves running the k-Means algorithm several times with different 

initializations and keeping the result with the lowest sum of squared estimate of errors. The 

main concept behind repetitions is to enhance the probability of success (Fränti & Sieranoja, 

2019). For choosing the number of clusters, the three quality criteria provided by KmL were 

used: Calinski and Harabatz (1974), Davies and Bouldin (1979) and Ray and Turi (1999). The 

clusters identified by the algorithm were then applied back to the sample dataset and compared. 

A package called CompareGroups was used for the comparison, which is specifically designed 

for constructing bivariate tables that provide descriptive statistics of multiple variables. 

Depending on the variable type, different tests are performed (e.g., t-test, ANOVA, Chi-

squared) (Subirana et al., 2014). An alpha level of 0.05 was used for statistical significance. 

For the decision tree construction with RPART, all features displayed in Table 22 were 

included except for patient id, follow-up year, age, diagnosis and mortality. The variables 

patient id and follow-up year were excluded due to RPART's incompatibility with longitudinal 

data. Age, diagnosis and mortality were excluded because of their high influence on MMSE. 

Of the 11.649 follow-ups, 278 (2.4%) had a missing MMSE, which were excluded from the 

data. Additionally, two follow-ups of every patient were randomly selected for validation 

purposes requiring patients to have at least three follow-ups. Patients not meeting this criterion 
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were also excluded from the dataset (474 patients with 636 follow-ups), leaving a total of 

10.735 follow-ups (92.2%) with 1.541 patients (76.5%) divided between 3.082 (28.7%) follow-

ups for testing and 7.653 (71.3%) for training. The Mean Average Error (MEA) and the Root 

Mean Squared Error (RMSE) are used to measure the performance, which are suitable to 

demonstrate and confirm ML models’ accuracy (Alabduljabbar et al., 2023). Multiple 

complexity, max depth and min bucket values were tried, and the best-performing parameters 

based on MAE and RMSE were selected without increasing the tree size drastically, meaning 

a smaller max depth was chosen if improvements were low (final model: cp=0.004, 

maxdepth=5, minbucket=4). 

To ensure comparability, the random forest algorithm with LongituRF used the same 

exclusion criteria and validation datasets as the decision tree. However, the variables patient id 

and follow-up year were included in the validation datasets because LongituRF is specifically 

designed for longitudinal data. Again, the Mean Average Error (MEA) and the Root Mean 

Squared Error (RMSE) were used to measure performance. For the REEMtree and MERT 

algorithms, the Ornstein-Uhlenbeck process performed best with a stochastic process 

hyperparameter, making it (S)REEMtree and (S)MERT. 

 

3.4  Ethical considerations 

Several ethical considerations and problems arise when ML models are used for explaining and 

predicting. Patient data, like the RADC dataset, gives a simplified representation of a patient's 

status at a specific moment and may not fully represent the individual behind the data. In 

addition, this data can also have missing or inaccurate information, and even during annual 

follow-ups, manually labelled data or differences in subjective considerations can create bias 

in the data (Hellström et al., 2020). This becomes even more important when models are used 

to predict and assess patients for medical purposes, and because of these biases, they could 

make systematic errors when predicting (Tay et al., 2022). 

The RADC dataset used in this study consists of data collected for dementia in a specific 

region, where individuals had to volunteer to participate and agree to organ donation after dead 

(Bennett et al., 2005, 2012). This in itself can introduce bias into the data, as Robson et al. 

(2010) points out: in some cultures and religions (e.g. Buddhism, Confucianism and some 

Islamic directions), organ donations are not allowed, and therefore individuals of these cultures 

and religions might be underrepresented in the RADC study, leading to potential biases in the 

data and ML models. 
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 In addition, Vayena et al. (2018) describe two common archetypes in medical ML 

applications: the first scenario involves instances where the data sources themselves fail to 

accurately represent the actual epidemiology within a specific demographic. For example, in 

the RADC dataset, there might be a tendency for an overdiagnoses of obesity patients due to 

its North-American origin because the data collection for the RADC study coincided with a 

notable increase in obesity prevalence within the United States (Austin et al., 2011). Second, 

cases where ML models are trained on a dataset that lacks sufficient representation of a 

particular demographic. For instance, if an ML model is primarily trained on data from (white) 

women, in the case of RADC, 74.6% is women, implementing such algorithms in healthcare 

could produce less accurate predictions, particularly when applied to men or black women. 

This can potentially worsen health disparities. 

Throughout the analysis, model training, and when concluding, some of these important 

ethical considerations are considered. It is essential to acknowledge that the inability of data to 

fully represent the individual behind it, the requirement of organ donation for RADC patients, 

overrepresentation of women in the dataset and concurrent increase in obesity in the United 

States all present a potential limitation of the study. 
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Chapter 4 

Results 

4. Results 

This chapter presents the results section of this study, which includes the sample characteristics, 

trajectory clustering, prediction models, and the integration, advantages and disadvantages of 

SD and ML. 

 

4.1  Sample characteristics 

The sample used in this study included 2015 patients, with a mean and median follow-up of 

5.98 and 6 years, respectively, ranging from 1 to 22 years. The majority of the patients in the 

sample were female (74.6%), and the mean age at baseline was 79.8 years, ranging from 53.3 

to 100.5. The mean MMSE score at baseline was 28.02. In the Appendix, Table 10 presents 

the characteristics of the sample. 

 

Patient diagnosis 

Figure 4 shows the diagnosis at baseline (provided by the RADC dataset), with 73.3% (1477 

patients) diagnosed as cognitively normal (CN) (meaning not experiencing cognitive 

impairment) and 26.7% (538 patients) diagnosed with MCI. At the last follow-up year, patients 

diagnosed with CN remained the majority, but two new diagnoses emerged AD and OD. 

 

 

Figure 4: Patient diagnosis at baseline and last follow-up year 
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There were 289 patients (14.34%) diagnosed with AD and 19 (0.89%) diagnosed with OD. The 

diagnosis was unknown for 125 patients (6.20%). Over time, some patients dropped out of the 

dataset due to mortality, severe cognitive decline, or other unknown factors. Consequently, the 

last known follow-up varies among these patients. Figure 5 illustrates the decrease of patients 

in the dataset over ten years and the yearly diagnosis portion. 

 

 

Figure 5: Patient count per follow-up year 

 

Figure 4 and Figure 5 shows that as time progresses, some patients transition to other diagnosis 

groups. To better understand these groups and their transitions, the upcoming section  explored 

patient trajectories within each diagnosis group and identified their transition points to other 

diagnosis groups. 

 

Patient trajectories 

This part examines patient trajectories represented by the development of MMSE scores over 

ten years, with a downward trend indicating cognitive decline. Figure 6 shows patient 

trajectories, with different colours representing the diagnosis status at the last follow-up year. 

Individual patient trajectories are shown as thin lines, while the thick lines represent the mean 

trajectory. Figure 7 presents each diagnosis group separately, highlighting the difference in 

cognitive decline rate between the groups. 
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Figure 6: MMSE patient trajectories for all diagnosis groups 
 

The CN group had the highest MMSE at baseline and remained the most stable over time, while 

the AD had at baseline the lowest MMSE and the fastest decline. MCI and OD started at similar 

MMSE, but patients diagnosed with OD showed more severe decline over time. 

 

 
Figure 7: MMSE patient trajectories for each diagnosis group 
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The exact mean MMSE scores and number of patients at every time step are provided in the 

Appendix (Table 23). The OD group ended at year nine because some patients left the dataset 

by year ten. This slightly increased the mean score, misrepresenting the OD group; therefore, 

the last year was removed. Figure 7 also shows that the AD group has much more deviation 

than the other groups. Some AD patients stayed more on the upper end, while others stayed on 

the lower. This suggested the presence of heterogenous decline within the AD group, which 

will be examined in more detail later. 

 

Change in patient diagnosis 

At the beginning of this chapter, Figure 4 showed that 1477 patients were diagnosed as CN at 

baseline, while 538 patients were diagnosed with MCI. In contrast, at the last follow-up, the 

number of CN patients decreased from 1.477 to 1.120 (-357), and the number of MCI patients 

decreased from 538 to 473 (-75). In total, 432 patients transitioned, and of these patients, 289 

(14.3%) developed AD, 18 developed OD (0.9%), and 125 (6.2%) had an unknown diagnosis 

status. The transition from CN and MCI to the other groups is shown in Figure 8. 

 

 

Figure 8: Transitioning from CN and MCI to the other groups 

 

The trajectories are shown as lines, where the line colour corresponds with the diagnosis. Dots 

with a different colour than the prior trajectory show a transition. Dots without a subsequent 

trajectory represent the final follow-up of a patient. Among the 1477 CN patients at baseline, 

1025 remained stable, 221 transitioned to MCI, 142 progressed to AD, 15 developed OD, and 
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74 had a missing diagnosis. Among the 538 patients initially diagnosed with MCI, 95 reverted 

to CN, 242 remained in the MCI group, 147 progressed to AD, 3 developed OD, and 51 had a 

missing diagnosis. Notably, within the MCI group, 27.3% of patients transitioned to AD, while 

within the CN group, 9.6% transitioned to AD. Figure 8 also indicated that patients in the MCI 

group transition earlier to AD and, after transitioning, experienced more severe and rapid 

decline. 

 

4.2  Clustering trajectories 

In the previous part, the MMSE trajectories of patients were examined with descriptive 

analysis. This part covers unsupervised ML, specifically k-Means clustering, with the aim of 

partitioning these trajectories into homogeneous sub-groups (Genolini & Falissard, 2010) and, 

with it finding hidden patterns in the data (Karabatak & Ince, 2009). Figure 9 shows the 

homogeneous cognitive decline trajectories identified by the k-Means algorithm. 

 

 

Figure 9: KmL with four clusters 

 

To identify the appropriate number of clusters within the data, three quality criteria provided 

by KmL were used: Calinski and Harabatz (1974), Davies and Bouldin (1979) and Ray and 

Turi (1999). Due to the absence of a definitive answer regarding the optimal number of clusters, 

a range of 2-6 clusters was plotted to identify the number of clusters with the least overlap in 
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individual and mean trajectories, which was four. The Appendix (Figure 17) includes a plot 

illustrating the quality criteria with further explanation. 

 

 

Figure 10: Number of patients per cluster 

 

Figure 10 shows the total patient count in each cluster. Out of the total sample, 1366 patients 

(67.8%) were clustered based on their MMSE scores over a minimum of four follow-up years. 

However, 649 patients (32.2%) could not be clustered due to having more than four missing 

MMSE scores within ten years. Most patients (58.2%) were clustered in Cluster A (the cluster 

experiencing the least cognitive decline). Cluster D had the fewest patients (5.12%) and 

experienced the most severe and rapid decline. Cluster B (24.4%) showed a steady decline up 

to the sixth year, followed by a faster decline. Cluster C (12.3%) resembles Cluster B but with 

a lower baseline MMSE and a more severe and rapid decline overall.  

 

Comparing clusters 

In this section, the four clusters were compared to understand the factors contributing to the 

differences in cognitive decline among these patients. The significance level used for the 

comparative analysis was p < .05, denoted by one asterisks (*). Two asterisk (**) indicate a 

significance level of p < .01, and three asterisk (***) represent a significance level of p < .001. 
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Table 2: Comparing clusters for non-longitudinal variables: mean (SD) 

Cluster A B C D 
P-value 

 N=795 N=333 N=168 N=70 

Education level 15.3 (3.11) 14.4 (3.05) 13.8 (3.20) 14.8 (3.08) < 0.001*** 

Exc. alcohol use:     0.016* 

    0 (low) 458 (57.6%) 227 (68.2%) 114 (67.9%) 46 (66.7%)  

    1 (medium) 240 (30.2%) 74 (22.2%) 35 (20.8%) 16 (23.2%)  

    2 (high) 96 (12.1%) 32 (9.61%) 19 (11.3%) 7 (10.1%)  

Amyloid beta burden 4.21 (4.40) 4.70 (4.07) 6.34 (4.90) 6.63 (4.54) < 0.001*** 

Tau burden 0.46 (0.56) 0.59 (0.68) 0.89 (0.79) 1.36 (1.24) < 0.001*** 

Neural dysfunction 0.61 (0.55) 0.71 (0.58) 0.96 (0.63) 1.15 (0.66) < 0.001*** 

Has died:     < 0.001*** 

    0 (no) 506 (63.6%) 128 (38.4%) 33 (19.6%) 14 (20.0%)  

    1 (yes) 289 (36.4%) 205 (61.6%) 135 (80.4%) 56 (80.0%)  

 

Table 2 shows that significant differences for non-longitudinal variables were observed in 

education level (p < 0.001), excessive alcohol use (p = 0.016), amyloid beta burden (p < 0.001), 

tau burden (p < 0.001), neural dysfunction (p < 0.001), and mortality (p < 0.001). The complete 

table, including variables without significance, is provided in the Appendix (Table 26: 

Comparing clusters with AD for non-longitudinal variables (alpha 0.05, **)).  

Amyloid beta burden, tau burden, neural dysfunction, and mortality all showed a consistent 

pattern, where cluster A showed, depending on the variable, higher or lower values compared 

to cluster B, cluster B compared to cluster C, and cluster C compared to cluster D. Hereafter, 

this pattern will be referred to as A>B>C>D. Cluster A had the highest mean education level, 

cluster C had the lowest, and Cluster D had the second highest education level. Cluster A had 

the most medium and high excessive alcohol use across all the clusters.  

There were no significant differences found between the groups for the variable’s gender (p 

= 0.120), smoking and apoE-4 carriership. 

 
Table 3: Comparing clusters for longitudinal variables at baseline: mean (SD)  

Cluster A B C D 
P-value 

 N=795 N=333 N=168 N=70 

Age at visit 76.8 (7.25) 82.0 (6.01) 83.5 (5.81) 83.6 (7.05) < 0.001*** 

Diagnosis:     < 0.001*** 

    0 (CN) 710 (89.3%) 234 (70.3%) 81 (48.2%) 13 (18.6%)  
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    1 (MCI) 85 (10.7%) 99 (29.7%) 87 (51.8%) 57 (81.4%)  

MMSE 28.9 (1.17) 27.7 (1.71) 26.6 (2.42) 25.3 (2.74) < 0.001*** 

Social activity 2.75 (0.54) 2.59 (0.54) 2.37 (0.56) 2.39 (0.54) < 0.001*** 

Social isolation 2.12 (0.54) 2.35 (0.63) 2.49 (0.60) 2.33 (0.55) < 0.001*** 

Social network 7.48 (6.04) 6.77 (5.62) 6.12 (4.84) 6.22 (5.29) 0.012* 

Depress. symptoms:     0.022* 

    0 (no) 781 (98.6%) 322 (97.0%) 161 (96.4%) 65 (94.2%)  

    1 (yes) 11 (1.39%) 10 (3.01%) 6 (3.59%) 4 (5.80%)  

Eng. cog. tasks 3.35 (0.67) 3.18 (0.73) 3.02 (0.76) 2.84 (0.79) < 0.001*** 

Blood pressure 75.1 (11.3) 73.4 (10.6) 72.1 (10.8) 74.5 (11.2) 0.006** 

Obesity:     0.001** 

    0 (no) 561 (71.4%) 246 (75.9%) 135 (83.3%) 59 (85.5%)  

    1 (yes) 225 (28.6%) 78 (24.1%) 27 (16.7%) 10 (14.5%)  

 

Table 3 shows that significant differences for longitudinal variables at baseline were observed 

in age at visit (p < 0.001), diagnosis (p < 0.001), MMSE (p < 0.001), social activity (p < 0.001), 

social isolation (p < 0.001), social network (p = 0.012), depressive symptoms (p = 0.022), 

engagement cognitively demanding tasks (p < 0.001), blood pressure (p = 0.006) and obesity 

(p < 0.001). The complete table, including variables without significance, is provided in the 

Appendix (Table 24).  

Age at visit, MMSE score, social activity, engagement in cognitively demanding tasks, and 

obesity all followed A>B>C>D. The majority of the patients in clusters A (89.3%) and B 

(70.3%) were CN, while the majority of patients in C (51.8%) and D (81.4%) were diagnosed 

with MCI. Social isolation and social network did not follow A>B>C>D, with cluster C had 

higher social isolation than cluster D. Although depressive symptoms showed some 

significance (p = 0.022), the number of patients with depressive symptoms was small. Cluster 

A had the highest blood pressure levels, and cluster C had the lowest. 

There were no significant differences found between the groups for the variable’s head 

trauma (p = 0.268), physical activity (p = 0.483), diabetes (p = 0.544) and morbidity burden. 

 
Table 4: Comparing clusters for longitudinal variables at the last follow-up: mean (SD)  

Clusters A B C D 
P-value 

 N=795 N=333 N=168 N=70 

Follow-up year 7.32 (2.03) 6.50 (2.08) 6.07 (2.03) 5.49 (1.92) < 0.001*** 

Age at visit 84.2 (7.26) 88.6 (6.30) 89.6 (5.72) 89.0 (7.10) < 0.001*** 
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MMSE 28.4 (1.47) 23.8 (4.22) 16.9 (6.62) 7.10 (6.26) 0.000*** 

Social activity 2.52 (0.62) 2.11 (0.66) 1.86 (0.65) 1.83 (0.76) < 0.001*** 

Social isolation 2.16 (0.63) 2.47 (0.65) 2.71 (0.73) 2.55 (0.63) < 0.001*** 

Social network 6.59 (5.46) 5.34 (4.77) 4.47 (5.38) 5.56 (4.89) < 0.001*** 

Depress. symptoms:     0.025* 

    0 (no) 736 (97.4%) 290 (95.7%) 128 (92.1%) 52 (98.1%)  

    1 (yes) 20 (2.65%) 13 (4.29%) 11 (7.91%) 1 (1.89%)  

Eng. cog. tasks 3.08 (0.71) 2.65 (0.84) 2.22 (0.86) 1.84 (0.92) < 0.001*** 

Physical activity 2.99 (3.52) 2.27 (2.72) 1.52 (2.51) 0.89 (1.14) < 0.001*** 

Obesity:     0.002** 

    0 (no) 521 (73.4%) 200 (84.0%) 73 (83.9%) 25 (83.3%)  

    1 (yes) 189 (26.6%) 38 (16.0%) 14 (16.1%) 5 (16.7%)  

 

Table 4 shows significant differences for longitudinal variables at the last follow-up in follow-

up year (p < 0.001), age (p < 0.001), MMSE (p = 0.000), social activity (p < 0.001), social 

isolation (p < 0.001), social network (p < 0.001), depressive symptoms (p = 0.025) and 

engagement cognitively demanding tasks (p = 0.001), psychical activity (p=0.001), and obesity 

(p = 0.001). The complete table, including variables without significance, is provided in the 

Appendix (Table 25). 

 At the last follow-up, age at visit, MMSE score, social activity, and engagement in 

cognitively demanding tasks still followed A>B>C>D, however, with more substantial 

differences between them. For example, the differences in mean MMSE score between the 

groups were more significant (p = 0.000) than at baseline, and the variance of MMSE scores 

between the groups (as Figure 9 illustrates), was more substantial than at baseline. 

Additionally, although physical activity did not show significance at baseline, at the last follow-

up it followed the pattern A>B>C>D. Social isolation and social network remained the same 

but with overall lower scores. Depressive symptoms also remained the same but with slightly 

higher cases across the clusters. Important to note is the depressive symptoms had high missing 

values for clusters C (17.3%) and D (24.3%), which could have given a false representation of 

this finding. Obesity did not follow A>B>C>D anymore but cluster A still had the highest 

number of obesity cases (26.6%). However, at the last follow-up, the missing values for obesity 

were high across all the clusters (cluster D 57.1%, cluster C 48.2%, cluster B 28.5% and cluster 

A 10.7%). There were no significant differences found between the groups for the variable’s 

blood pressure (p = 0.158), diabetes (p = 0.483), head trauma, and morbidity burden. 
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Comparing clusters for AD 

After comparing the clusters, the last follow-up showed a large diagnosis presence of AD in 

clusters B (26.8%), C (69.1%), and D (96.8%) (see Table 25), despite being clustered in 

different clusters. This finding aligned with Figure 7 earlier shown in the descriptive analysis, 

where the AD diagnosis had the most deviation between individual trajectories, which 

suggested heterogeneity in cognitive decline for AD patients. The k-Means algorithm identified 

this heterogeneity and clustered these patients differently. 

 

Figure 11: Patient trajectories for AD diagnosis in clusters B, C and D 

 

Figure 11 shows the MMSE trajectories of AD diagnosis across these clusters. This illustrates 

that AD patients in different clusters all showed cognitive decline; however, the rate and 

severity of decline differed. These three clusters, consisting of patients that all developed AD, 

were compared to understand the factors contributing to the differences in cognitive decline. 

 
Table 5: Comparing clusters for non-longitudinal variables with only AD patients: mean (SD) 

Cluster B C D 
P-value 

 N=82 N=105 N=61 

Education Level 15.5 (2.73) 14.1 (3.14) 14.9 (2.89) 0.007** 

Amyloid beta burden 5.10 (3.73) 7.23 (5.03) 6.36 (4.33) 0.030* 

Tau burden 0.77 (0.84) 0.98 (0.79) 1.28 (1.10) 0.022* 

 

Table 5 shows that significant differences for non-longitudinal variables for AD patients were 

observed in education level (p < 0.007), amyloid beta burden (p = 0.030) and tau burden (p = 

0.022). The complete table, including variables without significance, is provided in the 

Appendix (Table 26). 
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 Education level was similar to previous findings, with cluster B having the highest education 

and cluster C the lowest. Tau burden followed the pattern earlier identified, B>C>D, while this 

pattern was also shown for amyloid beta burden in the aggregated comparison (Table 2); it did 

not hold for the group diagnosed with AD. The comparison of the non-longitudinal variables 

for clusters with AD patients showed, in contrast to the aggregated comparison in Table 2, less 

significance, meaning there were smaller differences between the clusters with AD patients. 

 
Table 6: Comparing clusters for longitudinal variables at baseline with only AD patients: mean (SD) 

Cluster B C D 
P-value 

 N=82 N=105 N=61 

Diagnosis:    < 0.001*** 

   0 60 (73.2%) 54 (51.4%) 13 (21.3%)  

   1 22 (26.8%) 51 (48.6%) 48 (78.7%)  

MMSE 28.1 (1.60) 26.9 (2.37) 25.4 (2.75) < 0.001*** 

Engagement cog. 3.38 (0.69) 3.10 (0.73) 2.81 (0.81) < 0.001*** 

 

Table 6 shows that significant differences for longitudinal variables at baseline variables for 

AD patients were observed in diagnosis (p < 0.001), MMSE (p < 0.001) and engagement in 

cognitively demanding tasks (P < 0.001). The complete table, including variables without 

significance, is provided in the Appendix (Table 27). 

Most of cluster B was CN at baseline, while most of cluster D had MCI. These findings 

show similarities with Figure 8, where more MCI patients transformed to AD, with more severe 

and rapid decline. Similar to the aggregated comparison in Table 3, MMSE and engagement in 

cognitively demanding tasks followed B>C>D. 

 
Table 7: Comparing clusters for longitudinal variables at the last follow-up with only AD patients: mean (SD) 

Cluster B C D 
P-value 

 N=82 N=105 N=61 

Follow-up year 7.70 (1.66) 6.53 (1.92) 5.51 (1.91) < 0.001*** 

MMSE 19.7 (4.91) 14.8 (6.53) 7.20 (6.14) < 0.001*** 

Engagement cog. 2.53 (0.89) 2.13 (0.79) 1.79 (0.90) < 0.001*** 

Physical activity 2.16 (2.62) 1.24 (1.79) 0.88 (1.12) 0.002** 

 

Table 7 shows that significant differences for longitudinal variables at last follow-up for AD 

patients were observed in follow-up year (p < 0.001), MMSE (p < 0.001), engagement in 



 

 

34 

 

cognitively demanding tasks (p < 0.001) and physical activity (p = 0.002). The complete table, 

including variables without significance, is provided in the Appendix (Table 28). 

 Not much changed at the last follow-up, except for the addition of physical activity. The 

difference between the variables increased, especially for MMSE, highlighting more deviation 

between the groups. Both engagement in cognitively demanding tasks and physical activity 

followed B>C>D. 

The comparison of these clusters did reveal significant differences for groups with different 

cognitive decline trajectories. These results resembled underlying patterns within the data 

(A>B>C>D), which suggested that clusters with more severe and rapid cognitive decline did 

score, depending on the variable type, lower or higher. However, if the pattern itself was also 

significant stayed unclear. It also remained uncertain whether these results and pattern resulted 

from cognitive decline or contributed to it. It is important to note that the meaning of these 

differences can be confirmed or dismissed upon evaluation by medical experts. 

 

4.3  Predicting MMSE with decision trees 

Previously, four heterogeneous clusters were identified based on the MMSE trajectories. This 

section covers supervised ML to predict and explain contribution factors to the MMSE score. 

 

Regression with decision trees 

The decision tree in Figure 12 is based on the seven variables selected by the algorithm. 

 

Figure 12: Decision tree for MMSE prediction 
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The algorithm identified specific cut-off values for each variable, providing a significant split 

for a given value. If the condition was met, the left branch was chosen; if not, the right branch 

was chosen. The end of each leaf represents the predicted MMSE score. These decision rules 

are summarized in Appendix (Table 29) for better interpretability. 

These decision rules are summarized in Appendix (Table 29) for better interpretability. The 

rule ID in this table corresponds with the numbers above the variables in Figure 12. 

 

Decision tree variable importance 

Figure 13 illustrates the importance assigned to each variable in the decision tree.  

 

Figure 13: Variable importance decision tree 

 

The most important variable was engagement in cognitively demanding tasks, followed by tau 

burden, neural dysfunction, social relationships activity, amyloid beta burden, ApoE-4 

carriership and education level. Social network, excessive alcohol use and morbidity burden 

showed small importance. 

 

Decision tree performance 

The performance for the train and test datasets is provided in Table 8. 

 
Table 8: Decision tree performance 

 MAE train MAE test RMSE train RMSE test 

Decision tree 2.191622 2.282175 3.551465 3.70628 
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Decision trees are generally easier to interpret, as the decision paths can be easily visualized 

and understood. Combining multiple decision trees can increase performance substantially, 

however, at the cost of decreased interpretability (Audemard et al., 2022). 

 

4.4  Predicting MMSE with random forest 

To improve further prediction accuracy, the random forest algorithm was used to predict 

MMSE scores with (S)REEMtree and (S)MERT regression trees. Below is the variable 

importance for the best-performing model (S)REEMtree illustrated. 

 

Random forest variable importance 

The variable importance for the (S)REEMtree is displayed in Figure 14. Like the variable 

importance of the decision tree in Figure 13, engagement in cognitively demanding tasks, tau 

burden, neural dysfunction and social relationships activity were also in the top four. However, 

the order of these variables was different. Tau burden was by far the most important for the 

(S)REEMtree model, followed by neural dysfunction, engagement in cognitively demanding 

tasks, social activity and ApoE-4 carriership. The last three variables had small importance. 

 

 

Figure 14: Variable importance random forest model (S)REEMtree 

 

Random forest performance 

Below Table 9 presents the performance of the two random forest models using the MAE and 

RMSE, measured on both the training and test datasets. 
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Table 9: Random forest model performance 

Model MAE train MAE test RMSE train RMSE test 

(S)REEMtree 0.902040 1.684403 1.201743 2.711043 

(S)MERT 1.385861 1.747108 1.858587 2.830682 

 

In comparison to the performance of the single decision tree (Table 8), (S)REEMtree and 

(S)MERT performed much better with lower MEA and RMSE on the train and test datasets. 

These improvements were expected with random forest but with the downside of less 

interpretability behind the predictions (Audemard et al., 2022). However, the top variable 

importance of the models were similar, which indicated some consensus between the models. 

 

Random forest prediction visualization 

To further explore the performance of different groups within the data, the predictions on the 

test dataset of the best-performing model (S)REEMtree (Table 9) were plotted against the 

earlier visualized diagnosis groups in the descriptive analyses in Figure 7 and the clusters 

identified by the k-Means algorithm in Figure 9. 

 

 

Figure 15: (S)REEMtree predicted MMSE (dotted) vs actual MMSE (straight) on test data for each diagnosis 

 

The y-axis represents the mean MMSE score, and the x-axis is the time in years. The dotted 

line represents the model’s prediction, while the straight line shows the actual mean MMSE 
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score. It is important to note that the model was unaware of different diagnosis groups, 

diagnosis statuses or clusters within the data as these variables were removed from the train 

and test datasets, as explained in the methods section. 

 
Figure 16: (S)REEMtree predicted MMSE (dotted) vs actual MMSE (straight) on test data for each cluster 

 

Figure 15 shows that the model performs well for predicting MMSE for majority groups (CN 

and MCI) but less for minority groups (AD and OD). However, considering the imbalance in 

the dataset (Figure 4), the model still captured the trends in the minority groups. Figure 16 

shows similar performance when overlaying predictions with the k-Means clusters, identifying 

trends in the minority group (clusters C and D) (Figure 10). In addition, the similarity between 

the diagnosis and cluster prediction indicated success for the k-Means trajectory clustering.  
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Chapter 5 

Discussion & Conclusion 

5. Discussion & Conclusion 

5.1  Discussion 

The descriptive analysis offered insights into patients with dementia and how their cognitive 

decline and diagnoses changed over time. In the MCI group, around one-third of the patients 

progressed to AD, while in the CN group, this was one in ten patients. In addition, patients in 

the MCI group transitioned earlier to AD, with a more severe and rapid decline. This study 

found that lower baseline MMSE and baseline MCI diagnosis were associated with more 

cognitive decline. This aligns with Haaksma et al. (2018), who found that baseline MMSE was 

important for predicting cognitive decline in AD patients, which was earlier also found by Stern 

et al. (1994). Tschanz et al. (2006) reported that MCI patients are significantly more likely to 

develop AD than CN patients. 

Following the descriptive analysis, unsupervised ML with k-Means clustering was used to 

cluster the cognitive decline trajectories into homogeneous sub-groups. In total, four clusters 

were identified with different slopes of cognitive decline. These clusters were compared, and 

most of the findings corresponded with the SD model of Uleman et al. (2023) (e.g., higher 

amyloid beta burden, tau burden, neural dysfunction and lower education level, engagement in 

cognitively demanding tasks, physical and social activity in clusters with more decline). A 

recurrent pattern was found where clusters experiencing more cognitive decline were 

associated with worse scores compared to the other clusters. However, it is unclear if the pattern 

itself is significant, and it remains uncertain whether the pattern is a consequence of cognitive 

decline or if it contributes to the severity of the decline. Contradictory to the literature, the 

highest excessive alcohol use cases and the most obesity were present in the cluster with the 

least cognitive decline. The literature and SD model state the opposite (Ali et al., 2018; Tyas, 

2001; Uleman et al., 2023). While excessive alcohol use was less significant, a possible 

explanation for the high obesity cases could be that the data collection period of RADC 

coincided with a notable increase in obesity prevalence in the United States (Austin et al., 

2011). At the last follow-up, all clusters except cluster A showed large groups of patients with 

the AD diagnoses, despite being clustered differently by the algorithm. This finding suggested 

the presence of heterogeneity among the trajectories of AD patients. AD was commonly seen 

as a homogeneous disease in the past, but Schmidt et al. (2011) and Haaksma et al. (2018) both 
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showed heterogeneity in AD progression, as shown in this study. When compared, clusters 

with more decline had more MCI cases at baseline, lower baseline MMSE, a lower education 

level, lower engagement in cognitively demanding tasks and lower physical activity at the last 

follow-up, higher amyloid beta burden and tau burden. 

A lower education level was a predictor of cognitive decline, but the cluster with the most 

cognitive decline had the second-highest education level. The literature indicates that higher 

education levels might help in slowing down a cognitive decline (Haaksma et al., 2018; Iacono 

et al., 2015; Sona et al., 2013); however, it can also be associated with more rapid decline 

especially in more impaired patients (Sona et al., 2013) and patients with a lower baseline 

MMSE (Haaksma et al., 2018). Findings on amyloid and tau burden showed similarities with 

Albert (2011) who found that AD pathology, even within the normal range, can still affect 

cognition. 

After the clustering process, supervised ML techniques were used to predict the MMSE 

score with single and multiple decision trees (random forest). The most important variables 

contribution to predicting the MMSE scores was tau burden, engagement in cognitively 

demanding tasks, neural dysfunction, social activity, and ApoE-4 carriership. The importance 

of these variables are confirming the earlier findings from the cluster comparison. Interestingly, 

while there was no significant differences for ApoE-4, both models used this variable for 

prediction. With the decision tree giving patients with ApoE-4 genotype 0 or 1 a lower score 

than 2, suggesting overfitting of the decision tree. Some studies confirmed the effect of ApoE-

4 for cognitive decline including the SD model and Tilvis et al. (2004), while others report 

inconsistent or weak results (Sona et al., 2013). The latter seems also the case in this study. As 

expected, the single decision tree performed less well than the random forest with an MAE 

2.28 and RMSE 3.70 compared to MAE 1.68 and RMSE 2.71 (test dataset). This increase of 

performance came with the trade-off of less interpretability. The predictions of the best 

performing model was visualized and overlapped with the diagnosis groups and clusters 

revealing the model’s ability to identify trends of the minority groups but predicated the most 

accurately for the majority groups. This could be due to bias, and overrepresentation of the 

majority groups in the data. 

For the first time, this study integrated qualitative SD and quantitative ML for explaining 

and predicting cognitive decline in dementia to support medical decision-making. This study 

proposes a new integrated approach for explaining and predicting cognitive decline in dementia 

and with that answers the first sub-research question: What is the integration process among 

qualitative SD and quantitative ML for explaining and predicting the progression of cognitive 
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decline of patients developing dementia? The integration process starts with qualitative SD, 

ideally a participatory SD approach such as GMB (Rouwette & Vennix, 2006), where experts 

from multiple domains construct a qualitative SD model collectively. This model is then used 

as a feature selection method as input for the ML process and subsequently forms a basis for 

uncovering the data structure, outliers, anomalies, and significant variables (Duch et al., 2004)., 

leading to a better understanding of variables that contribute to cognitive decline in dementia. 

The insights gained from the ML process will then again be used as input for SD allowing 

experts to evaluate, discuss, and incorporate or dismiss findings. In this way, SD complements 

ML by possibly leading to more transparency behind certain outcomes and potentially serving 

as a correction or clarification for biases. The ML process complements the SD model by 

processing large amounts of data and for deriving at dynamic conclusions. This iterative 

process goes on until a higher understanding of the problem is achieved and experts are 

satisfied with the insights. This iterative exchange of knowledge and information between SD 

and ML lead to collective insights. The collective insights obtained from this iterative 

integration process can then support medical decision-making.  

This iterative integration approach serves as a foundation for future research in similar and 

other domains and has the following advantages and disadvantages, which gives answer to the 

second sub-research question: What are the advantages and disadvantages of combining 

qualitative SD and quantitative ML for explaining and predicting the progression of cognitive 

decline of patients developing dementia? The first advantage is feature selection (also called 

variable selection). The original RADC dataset used in this study consisted of over a hundred 

features, with the complete dataset having even more features. Feature selection in ML is 

crucial in reducing data’s dimensionality (Dhal & Azad, 2022) by finding a subset of features 

that will effectively represent the data (Khaire & Dhanalakshmi, 2022). In this study, 

qualitative SD served as an input for feature selection in the ML process, acting as a starting 

point for the analysis. This makes the ML process more efficient, potentially improves learning 

accuracy, and helps better understand the learning model and the data (Cai et al., 2018). Feature 

selection in ML is typically done with various algorithms (Cai et al., 2018), such as the random 

forest algorithm (Li et al., 2020) used in this study for predicting. However, feature selection 

algorithms do not actively consider the prior knowledge of domain experts about the features 

(Liu et al., 2020). In contrast, the variables in the SD model are selected by domain experts 

with prior knowledge of dementia. 

 The second advantage is understanding the variables and relations in the data. The SD model 

(used as a visual) serves as a basis for data analysis to reveal the underlying structure of data, 
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identify outliers and anomalies, and discover significant variables (Duch et al., 2004). 

Understanding data is vital and typical approaches involve visualization and graphical methods 

(Duch et al., 2004). Duch et al. (2004, p. 722) further add that “visualization provides another 

way of understanding data—a single picture may be worth a thousand words”. Furthermore, 

using only black-box models may not be suitable for expert systems requiring systematic 

reasoning, like dementia. In unfamiliar situations, predictions of these models can be 

unreasonable since there is no way to test them beyond the training data, and these risks may 

be unacceptable in safety-critical domains like medicine (Duch et al., 2004). In this study, the 

SD model was used as a basis for the ML process to better understand the interrelations within 

the data. It helped interpret and compare ML results while providing a holistic view of the 

problem. 

 The third advantage is quantification. Qualitative SD models are useful, but according to 

Vennix (1996), deriving dynamic conclusions from a qualitative SD model is dangerous, and 

to gain an understanding of a system's dynamics, it is necessary to quantify and simulate the 

model. Quantification can add a significant understanding of the system's behaviour not 

provided by the qualitative model (Vennix, 1996). ML can be used to quantify the model or 

parts of it, derive dynamic conclusions, and uncover hidden patterns within the data, e.g., with 

K-means (Karabatak & Ince, 2009) or decision trees (Khalkhali et al., 2016). In this study, four 

clusters were compared using the K-means algorithm, revealing a recurring hidden pattern that 

was previously unknown to the SD model. The application of decision trees also identified the 

importance each variable, offering a clearer understanding of which variables contribute to 

cognitive decline. 

The fourth and last advantage is confirmation or disconfirmation. Findings from the ML 

process can confirm and strengthen prior beliefs established within the SD model or oppositely 

nuance them. This has to be done with the involvement of medical experts, where they are able 

to evaluate, discuss, and incorporate or dismiss these findings. 

 Potential disadvantages of combining SD and ML are that it is time-consuming and requires 

expertise or experts from both fields. SD and ML have to be utilized sequentially and in an 

ideal approach used iteratively, as proposed in the next section, which makes it time-

consuming. Furthermore, by combining SD and ML, experts from both fields have to work 

together, which makes this approach interdisciplinary. Combining these two fields, introduces 

different ways of thinking into one approach, which is beneficial, but introduces potential 

conflict (Vennix, 1996), power dynamics (Ravera et al., 2011) and overall divergence, calling 

for effective management of these problems. 
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This study has several limitations. The primary limitation was time, which prevented the 

implementation of the proposed iterative integration approach. As a result, instead of 

incorporating participatory SD modelling with experts, this study relied on the SD model 

developed by Uleman et al. (2023) as input for the ML process. The inability to take back the 

results of this study to experts for validation limited the study's overall benefits.  

In addition, because of time limitations, this study could not use the entire SD model and 

instead focused on the most important variables identified by Uleman et al. (2023). However, 

not all of these variables were available in the dataset (e.g., sleep quality, hearing loss, 

experienced stress, and healthy dietary patterns), which limited the completeness of this study. 

Lastly, in the ethical considerations section, potential sources of biases were considered, but 

because of time limitations not addressed for correction in this study. 

This study may also have been affected by the decisions made by the researcher, who lacked 

expertise in data science. Choices made for exclusion criteria, e.g., for algorithms, could have 

been handled better if such expertise would have been involved throughout the process. In 

addition, the researcher is not a medical doctor nor has expertise in the medical field; therefore, 

commenting on relations, significance, or outcomes of medical results was not the aim of this 

study but simultaneously could have added more value to the study. 

The integration of SD and ML to explain and predict the progression of cognitive decline in 

dementia patients serves as a starting point for future research. Future research should 

implement the iterative integration process and start with participatory SD modelling to 

construct the SD model with expert involvement. Moreover, it is recommended that future 

research incorporates a wider range of variables at the start, with interesting possibilities of 

incorporating algorithmic feature selection methods for feature expansion. This integration 

process shows potential to be applied to other diseases and medical conditions and extended to 

other fields that require the explanation and understanding of complex problems for decision-

making support. 

 

5.2  Conclusion 

This study aimed to examine the combined performance of qualitative SD and quantitative ML 

for explaining and predicting the progression of cognitive decline in dementia patients to 

support medical decision-making. Hence the main research question was: what is the 

performance of qualitative SD combined with quantitative ML for supporting the medical 

decision-making process when it comes to explaining and predicting the progression of 

cognitive decline of dementia patients with the analysis of real-world data? This was further 
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broken down into two sub-research questions, which covered the advantages and disadvantages 

and the integration process. 

Qualitative SD alone is not effective in handling lots of data, and without quantification, 

understanding systems fully or deriving at dynamic implications is difficult (Vennix, 1996). 

Quantitative ML is effective for analysing large amounts of data to find patterns and trends that 

can be difficult for humans (Cruz & Wishart, 2006). However, it has problems with bias 

(Vokinger et al., 2021) and lacks transparency regarding a particular outcome, and these 

algorithms are sometimes called black boxes, where understanding their outcomes is often 

difficult (Ananny & Crawford, 2018). 

This study proposes a new integrated approach of SD and ML for explaining and predicting 

cognitive decline in dementia. This iterative integration process starts with qualitative SD, 

ideally a participatory SD approach such as GMB (Rouwette & Vennix, 2006), for constructing 

a qualitative SD model with expert involvement. This model is then used as a feature selection 

method and subsequently forms a basis for uncovering the data structure, outliers, anomalies, 

and significant variables, leading to a better understanding of variables contributing to 

cognitive decline in dementia (Duch et al., 2004). The insights gained from the ML process 

will then again be used as input for SD allowing experts to evaluate, discuss, and incorporate 

or dismiss findings. The discussion part highlighted various ML insights that lacked 

transparency (e.g., variable importance, hidden patterns) and some biases (e.g., minority groups 

predictions, ApoE-4 predictions, obesity overrepresentation). Sharing these findings with the 

experts would have provided insights into the significance of these biases, possibly leading to 

more transparency behind these outcomes and potentially serving as a correction or 

clarification for these biases. The collective insights obtained from this iterative integration 

process can then support medical decision-making. 

This study identified some advantages of this integration. SD as a feature selection method 

provides an efficient starting point; it incorporates domain experts' prior knowledge addressing 

a limitation of algorithm-based approaches (Liu et al., 2020) and leads to overall variable and 

data understanding (Duch et al., 2004). ML enables the quantification of data, uncovers hidden 

patterns, and makes it possible to derive at dynamic conclusions. Its findings can also confirm 

and strengthen existing beliefs from the SD model or oppositely nuance them. The 

disadvantages of combining ML and SD are the increased time, especially when implemented 

iteratively, and the need for interdisciplinary expertise. Differences in expertise during the 

integration process (and participatory sessions) may lead to potential conflicts (Vennix, 1996), 
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power dynamics (Ravera et al., 2011), and overall divergence, calling for effective 

management of these problems. 

This study showed that by integrating qualitative SD and quantitative ML, it is possible to 

predict the progression of cognitive decline in dementia patients and explain factors 

contributing to this. The integration process, as proposed in this study, further addresses the 

shortcomings and limitations of each approach, resulting in a more thorough understanding of 

the factors that contribute to cognitive decline and, with that, increased performance. These 

collective insights can then support medical decision-making. 
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A. Sample characteristics 

Table 10: Full table characteristics of pre-processed RADC: % [count] or mean (SD) with addition [count] for N (if not same as total N) 

Characteristics Baseline Follow-up 1 Follow-up 2 Follow-up 3 Follow-up 4 Follow-up 5 Follow-up 6 Follow-up 7 Follow-up 8 Follow-up 9 

N 100% [2015] 83.4% [1681] 75.1% [1514] 66.5% [1339] 59.4% [1196] 51.6% [1039] 46.1% [929] 38.6% [778] 32.2% [646] 25.4% [512] 

Follow-up year 0.00 (0.00) 1.00 (0.00) 2.00 (0.00) 3.00 (0.00) 4.00 (0.00) 5.00 (0.00) 6.00 (0.00) 7.00 (0.00) 8.00 (0.00) 9.00 (0.00) 

Gender:           

   0 74.6% [1504]          

   1 25.4% [511]          

Education level: 14.9 (3.32)          

Smoking:           

   0 57.4% [1157]          

   1 39.5% [795]          

   2 2.83% [57]          

   ‘Missing’ 0.30% [6]          

Excessive alcohol use:           

   0 61.1% [1232]          

   1 26.9% [543]          

   2 11.6% [233]          

   ‘Missing’ 0.35% [7]          

ApoE-4 carriership:           

   0 65.4% [1317]          

   1 18.5% [372]          

   2 1.44% [29]          

   ‘Missing’ 14.7% [297]          

Amyloid beta burden 4.65 (4.41) [718]          

Tau burden 0.61 (0.73) [741]          

Neural dysfunction 0.72 (0.60) [741]          

Has died:           

   0 53.4% [1098]          

   1 45.5% [917]          

Age at visit 79.8 (7.55) 80.7 (7.27) [1672] 81.6 (7.31) [1503] 82.4 (7.22) [1332] 83.1 (7.36) [1179] 83.8 (7.20) [1030] 84.7 (7.14) [921] 85.3 (7.10) [773] 86.0 (6.97) [641] 86.6 (7.10) [505] 

Diagnosis:           

0 73.3% [1477] 71.7% [1206] 70.6% [1069] 70.5% [944] 68.1% [814] 67.0% [696] 65.1% [605] 63.8% [496] 63.2% [408] 61.5% [315] 

1 26.7% [538] 23.2% [390] 21.7% [329] 19.8% [265] 19.9% [238] 20.5% [213] 20.2% [188] 19.0% [148] 17.5% [113] 20.1% [103] 

2 0% [0] 2.97% [50] 5.55% [84] 8.07% [108] 8.86% [106] 10% [104] 10.8% [100] 14.3% [111] 15.2% [98] 14.5% [74] 
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3 0% [0] 0.06% [1] 0.40% [6] 0.45% [6] 0.59% [7] 0.48% [5] 0.43% [4] 0.90% [7] 1.08% [7] 0.39% [2] 

‘Missing’ 0% [0] 2.02% [34] 1.72% [26] 1.19% [16] 2.59% [31] 2.02% [21] 3.44% [32] 2.06% [16] 3.10% [20] 3.52% [18] 

MMSE 28.0 (1.98) [2014] 27.9 (2.34) [1651] 27.5 (3.08) [1480] 27.3 (3.70) [1318] 26.9 (4.23) [1155] 26.5 (4.93) [1012] 26.2 (5.35) [895] 25.9 (5.62) [749] 25.9 (5.56) [610] 25.7 (5.96) [487] 

Social activity 2.63 (0.58) [2013] 2.59 (0.63) [1484] 2.58 (0.64) [1335] 2.53 (0.62) [1311] 2.50 (0.64) [1146] 2.46 (0.63) [999] 2.42 (0.63) [878] 2.38 (0.65) [745] 2.37 (0.65) [608] 2.37 (0.66) [481] 

Social isolation 2.24 (0.60) [1815] 2.19 (0.65) [1471] 2.18 (0.64) [1313] 2.17 (0.65) [1168] 2.21 (0.66) [1125] 2.23 (0.66) [975] 2.25 (0.65) [859] 2.25 (0.64) [718] 2.22 (0.64) [584] 2.31 (0.65) [462] 

Social network 7.12 (5.89) [2005] 6.91 (5.86) [1636] 6.67 (5.51) [1467] 6.66 (5.36) [1298] 2.21 (0.66) [1126] 6.32 (5.31) [978] 6.55 (5.78) [859] 6.08 (6.12) [720] 6.57 (5.91) [583] 6.06 (5.03) [463] 

Depressive symptoms:           

0 96.6% [1947] 94.9% [1595] 95.0% [1439] 95.7% [1281] 93.5% [1118] 94.1% [978] 93.0% [864] 93.8% [730] 93.5% [604] 92.0% [471] 

1 2.93 % [59] 3.15% [53] 2.71% [41] 2.61% [35] 2.93% [35] 2.89% [30] 2.91% [27] 2.57% [20] 2.01% [13] 3.91% [20] 

‘Missing 0.45% [9] 1.96% [33] 2.25% [34] 1.72% [23] 3.60% [43] 2.98% [31] 4.09% [38] 3.60% [28] 4.49% [29] 4.10% [21] 

Engagement cog. tasks 3.20 (0.70) [2013] 3.10 (0.70) [1653] 3.08 (0.72) [1334] 3.07 (0.75) [1311] 3.05 (0.74) [1145] 3.01 (0.78) [997] 3.01 (0.76) [877] 2.93 (0.81) [745] 2.89 (0.77) [608] 2.90 (0.78) [481] 

Blood pressure 74.5 (11.3) [1969] 74.0 (11.3) [1587] 74.1 (11.4) [1426] 75.1 (10.9) [1256] 74.2 (11.0) [1082] 74.4 (11.0) [937] 73.5 (10.9) [806] 73.9 (11.1) [684] 73.8 (11.2) [534] 73.2 (11.0) [512] 

Diabetes:           

0 86.9% [1751] 85.4% [1435] 84.1% [1273] 83.4% [1117] 80.9% [967] 80.8% [839] 79.5% [738] 78.4% [610] 77.9% [503] 77.3% [394] 

1 13.1% [263] 14.0% [236] 14.8% [224] 15.9% [213] 17.3% [207] 18.3% [190] 19.5% [181] 20.6% [160] 20.9% [135] 21.7% [111] 

‘Missing’ 0.05% [1] 0.59% [10] 1.12% [17] 0.67% [9] 1.84% [5] 0.96% [10] 0.97% [9] 1.03% [3] 1.24% [8] 0.98% [5] 

Physical activity 3.36 (3.69) [2013] 3.15 (3.43) [1653] 3.22 (3.87) [1480] 3.02 (3.49) [1503] 3.02 (3.56) [1146] 2.96 (3.50) [1004] 2.83 (3.40) [883] 2.58 (3.06) [749] 2.63 (3.08) [609] 2.81 (3.41) [484] 

Head trauma:           

0 83.8% [1689] 89.9% [1512] 90.8% [1375] 91.0% [1219] 89.5% [1071] 89.8% [933] 87.9% [817] 88.4% [688] 87.5% [565] 88.3% [452] 

1 6.05% [122] 6.84% [115] 7.33% [111] 7.47% [100] 7.61% [91] 7.99% [83] 9.26% [86] 9.51% [74] 9.60% [62] 9.57% [49] 

‘Missing’ 10.1% [204] 3.21% [54] 1.85% [28] 1.49% [20] 2.84% [34] 2.21% [23] 2.80% [26] 2.06% [16] 2.94% [19] 2.15% [11] 

Morbidity burden:           

0 19.0% [383] 16.2% [273] 15.1% [229] 13.3% [178] 11.8% [141] 11.6% [121] 9.58% [89] 9.00% [70] 9.75% [63] 8.59% [44] 

1 38.3% [771] 35.6% [599] 33.4% [505] 31.9% [427] 29.4% [352] 27.6% [287] 27.6% [256] 28.3% [220] 25.4% [164] 23.2% [119] 

2 27.7% [559] 29.4% [495] 30.4% [460] 30.5% [408] 32.9% [393] 33.4% [347] 31.9% [296] 31.1% [242] 31.7% [205] 32.8% [168] 

3 11.4% [230] 13.1% [220] 13.7% [208] 16.5% [221] 15.5% [185] 16.9% [176] 18.3% [170] 18.8% [146] 19.5% [126] 19.9% [102] 

4 3.08% [62] 3.63% [61] 4.56% [69] 4.85% [65] 5.94% [71] 6.26% [65] 7.75% [72] 8.61% [67] 9.13% [59] 10.9% [56] 

5 0.30% [6] 0.54% [9] 0.93% [14] 1.34% [18] 1.34% [16] 1.64% [17] 2.05% [19] 2.06% [16] 1.39% [9] 2.15% [11] 

6 0.15% [3] 0.12% [2] 0.13% [2] 0.15% [2] 0.33% [4] 0.29% [3] 0.11% [1] 0.13% [1] 0.15% [1] 0.20% [1] 

‘Missing’ 0.05% [1] 1.31% [22] 1.78% [16] 1.49% [20] 2.84% [34] 2.21% [23] 2.80% [26] 2.06% [16] 2.94% [19] 2.15% [11] 

Obesity:           

0 72.7% [1465] 70.3% [1181] 70.0% [1060] 68.8% [918] 67.3% [805] 66.8% [694] 64.5% [599] 63.8% [496] 59.8% [386] 62.7% [321] 

1 25.2% [508] 25.2% [424] 23.8% [360] 23.4% [313] 22.0% [263] 20.8% [216] 18.9% [176] 19.9% [155] 18.4% [119] 19.3% [99] 

‘Missing’ 2.08% [42] 4.52% [76] 6.21% [94] 8.07% [108] 10.7% [128] 12.4% [129] 16.6% [146] 16.3% [127] 21.8% [141] 18.0% [92] 



B. RADC variable description 

In this section, the data for each variable shown in Table 22 is explained with the 

documentation of the RADC dataset.  

 

1. Education level 

RADC variable: Education: educ 

 

Years of education 

The years of education variable is based on the number of years of regular school reported 

at baseline cognitive testing. 

 

References 

Education modifies the association of amyloid but not tangles with cognitive function. 

Bennett DA, Schneider JA, Wilson RS, Bienias JL, Arnold SE. 

 

2. Cognitive functioning 

RADC variable: MMSE: cts_mmse30 

 

Mini-Mental State Exam, 30 item 

The Mini Mental State Examination (MMSE) is a widely used, 30 item, standardized 

screening measure of dementia severity. It has previously been used in many epidemiologic 

studies and is a component of the CERAD protocol. Short term temporal stability is excellent 

and scores are highly correlated with those on other scales of severity of dementia. This test 

provides a global measure of cognitive function useful for descriptive purposes. The initial 

ten items provide a psychometric measure of orientation. Participants are asked a series of 

questions to assess orientation to time and place, recall ability, short-term memory, and 

arithmetic ability. The MMSE form includes the test of spelling WORLD backwards. 
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3. Depressive symptoms  

RADC variable: Clinical depression: r_depres 

 

Diagnosis of major depressive disorder made by clinician based on clinical review 

A clinical diagnosis of major depressive disorder is rendered by an examining physician at 

each evaluation. The diagnosis is based on criteria of the Diagnostic and Statistical Manual 

of Mental Disorders, 3rd Edition, Revised (DSM-III-R), clinical interview with the 

participant, and review of responses to a series of questions adapted from the Diagnostic 

Interview Schedule. The clinician is first presented with an algorithmic diagnosis and has 

the ability to modify if necessary. 

 

Table 11: Coding RADC variable: r_depres 

Value Coding 

0 High probable 

1 Probable 

2 Possible 

4 Not present 
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4. Engagement in cognitively demanding tasks 

RADC variable: Cognitive activity - late life : late_life_cogact_freq 

 

Frequency of participation in cognitively stimulating activity in late life - Average of 7 

items  

Late life cognitive activity is a composite measure of frequency of participation in 7 

cognitively stimulating activities during the past year. Activities include reading, writing 
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letters, visiting a library, and playing games such as chess or checkers. These items involve 

information processing or retention and have relatively few barriers to participation.  

Participants are asked to rate each item on a 5-point scale. Values for items 2-7 are flipped 

so that higher values indicate more frequent participation (see table below). The variable 

ranges from 1 to 5 and is calculated by averaging the individual item scores.  

 

Participants are asked the following questions:  

 

1. About how much time do you spend reading each day?  

2. In the last year, how often did you visit a library?  

3. Thinking of the last year, how often do you read newspapers?  

4. During the past year, how often did you read magazines?  

5. During the past year, how often did you read books?  

6. During the past year, how often did you write letters?  

7. During the past year, how often did you play games like checkers or other board 

games, cards, puzzles, etc.?  

 

Response choices for each item: 

 

Table 12: Coding RADC variable: late_life_cogact_freq 

Value Item 1 Items 2-7 (flipped) 

1 None One a year 

2 Less than one hour Several times a year 

3 One to less than two hours Several times a month 

4 Two to less than three hours  Several times a week 

5 Three or more hours Every day/ almost every day 

Note: At baseline interview, item #2 reads, “In the last ten years, how often did you visit a library?”. The 

variable is calculated if at least half of the items are non-missing. The baseline version of this variable is 

available upon request. 
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5. Social relationships  

RADC variable: Social activity - late life : late_life_soc_act 

 

Frequency of participation in social activity in late life 

Frequency of late-life social activity is assessed using a 6-item scale that asks how often 

during the past year participants engaged in common types of activities that involve social 

interaction. 

 

Participants are asked to rate the items on a 5-point scale, with higher values indicating more 

frequent participation (see below). Item scores are averaged to yield the composite measure, 

with higher scores indicating greater social activity. 

 

Participants are asked to rate the following six items: 

 

During the past year, how often did you... 

1. go to restaurants, sporting events or teletract, or play bingo? 

2. go on day trips or overnight trips? 

3. do unpaid community/volunteer work? 

4. visit at relatives or friends houses? 

5. participate in groups (such as senior center, VFW, Knights of Columbus, Rosary 

Society or something similar)? 

6. attend church or religious services?  

 

Response choices for each item: 

 

Table 13: Coding RADC variable: late_life_soc_act 

Value Response 

1 Once a year or less 

2 Several times a year 

3 Several times a month 

4 Several times a week 

5 Every day or almost every day 
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6. Smoking 

RADC variable: Smoking : smoking 

 

Smoking status at baseline 

Smoking status at baseline is measured with smoking-related data gathered at the baseline 

interview.  

 

Current and former smoking habits are assessed using the following questions: 

 

1. Do you smoke cigarettes now?  

2. Did you ever smoke cigarettes regularly? 

 

Question 1 is used to determine current smokers, and question 2 identifies previous smokers. 

Participants who answer “no” to both questions are categorized as “never smoked” (see 

below). 

 

Table 14: Coding RADC variable: smoking 

Value Response 

0 Never smoked 

1 Former smoker (does not currently smoke) 

2 Current smoker 

Note: Categories are mutually exclusive. 
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7. Excessive alcohol use 

RADC variable: Alcohol use : alcohol_g_bl 

 

Grams of alcohol used per day at baseline 

Grams of alcohol per day at baseline is a measure of how much alcohol (beer, wine, and 

liquor) a participant consumed in the past 12 months. Participants are first asked whether or 

not they consumed at least 12 drinks ever and in the last 12 months. Individuals who answer 

“no” to both questions were given a total alcohol consumption of 0. Those who respond 

“yes” to consuming at least 12 drinks in the past 12 months are then asked to estimate the 

quantity consumed of each of the following alcoholic beverages: beer, wine, and liquor. A 

value is applied to each response choice based on the table below. The number of drinks 

value is then multiplied by grams of alcohol per drink type and then summed across all drink 

types to determine total grams of alcohol consumed. Totals range from 0 to 234.6g, with 

higher values indicating greater alcohol consumption. 

 

Participants are asked the following questions: 

 

1. In your entire life, have you had at least 12 drinks of alcoholic beverage? 

2. In the past 12 months, did you have at least 12 drinks of any kind of alcoholic 

beverage? 

3. During the past 12 months, on average, how much beer did you drink? 

4. During the past 12 months, on average, how much wine did you drink? 

5. During the past 12 months, on average, how much liquor did you drink? 

 

Response choices for each item: 

 

Table 15: Coding RADC variable: alcohol_g_bl 

Response Response code Value 

6+ drinks/glasses per day 1 6.0 

4-5 drinks/glasses per day 2 4.5 

2-3 drinks/glasses per day 3 2.5 

1 drinks/glasses per day 4 1.0 

5-6 drinks/glasses per week 5 0.8 

2-4 drinks/glasses per week 6 0.4 
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1 drinks/glasses per week 7 0.2 

1-3 drink/glass per month 8 0.1 

Less than one drink/glass per month 9 0.0 

 

Grams of alcohol per drink/glass: 

 

Table 16: Explanation alcohol per drink/glass for RADC variable: alcohol_g_bl 

Drink type Grams of alcohol 

Beer 13.2 

Wine 10.8 

Liquor 15.1 

Note: This variable is not normally distributed, with the majority of values with at 0 and some high values. 
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8. Blood pressure 

RADC variable: Diastolic blood pressure : dbp_avg 

 

Diastolic blood pressure - Average of 3 readings 

Diastolic blood pressure is the pressure in the arteries between heartbeats (resting phase). 

This variable is measured with a mercury sphygmomanometer by trained research assistants 

using the Hypertension Detection and Follow-up Program protocol. For each participant, 

blood pressure readings are taken as follows: 

 

1. Seated blood pressure reading (trial 1) 

2. Seated blood pressure reading (trial 2) 

3. Standing blood pressure reading, 1 minute later 

 

Diastolic blood pressure is calculated by averaging the three diastolic blood pressure 

readings.  
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9. Obesity 

RADC variable: BMI : bmi 

 

Body mass index 

Body mass index (BMI) is calculated using weight and height measurements. Weight and 

height are measured and recorded at each visit by a trained technician blinded to previously 

collected data. BMI is calculated as weight in kilograms divided by height in meters squared. 
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10. Diabetes 

RADC variable: History of diabetes : dm_cum 

 

Self-reported history of diabetes 

History of diabetes is based on self-report. For any given cycle, this value indicates reported 

hypertension in past history or in at least one follow-up cycle up to and including that cycle. 

Participants are asked to respond “yes”, “suspect or possible”, or “no” to each of the 

following questions: 

 

1. Have you ever been told by a doctor, nurse, or therapist that you had diabetes, or sugar 

in the urine, or high blood sugar? 

2. Has a doctor, nurse, or therapist ever told you to take insulin or injections for your 

high blood sugar? 

3. Has a doctor, nurse, or therapist ever told you to take medicine by mouth for your 

blood sugar? 
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11. Physical activity 

RADC variable: Physical activity (5 items) : phys5itemsum 

 

Hours of physical activity in late life - Sum of 5 items 

Physical activity (5 items) is assessed using questions adapted from the 1985 National 

Health Interview Survey. The variable measures the sum of hours per week that the 

participant engages in 5 categories of activities: 

 

1. Walking for exercise 

2. Gardening or yard work 

3. Calisthenics or general exercise 

4. Bicycle riding (including stationary bikes) 

5. Swimming or water exercises 

 

Participants are asked if they have engaged in any of the 5 activities within the past 2 

weeks and if so, the number of occasions and average minutes per occasion. Minutes in 

each activity are summed and divided by 120 to yield a composite measure of participation 

in physical activity expressed as hours per week. 

 

NOTE: MARS only collects information on 3 items (walk, garden, exercise). To include 

MARS, see phys3itemsum (Physical activity (3 items)). 
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12. Morbidity burden 

RADC variable: med_con_sum_cum  

 

History of medical condition – cumulative 

This variable is the number of conditions reported: 

 

1. hypertension 

2. diabetes 

3. heart disease 

4. cancer 

5. thyroid disease 

6. head injury with loss of consciousness 

7. stroke 

 

Table 17: Coding RADC variable: med_con_sum_cum 

Value Coding 

0 No conditions present 

1 1 condition present 

2 2 conditions present 

3 3 conditions present 

4 4 conditions present 

5 5 conditions present 

6 6 conditions present 

7 7 conditions present 

 

Seven medical conditions were present in at least 5 percent of persons at baseline. We 

classified hypertension, diabetes, heart disease, cancer, thyroid disease, and head injury with 

loss of consciousness based on self‐report that a physician previously identified the 

condition. A clinical diagnosis of stroke was based on the history plus the neurologic 

examination. We used the total number of conditions present at baseline as an index of 
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chronic illness, as previously described. This variables covers the time period from prior to 

current cycle. 
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13. Amyloid beta burden 

RADC variable: Amyloid : amyloid 

 

Overall amyloid level - Mean of 8 brain regions 

Amyloid beta protein identified by molecularly-specific immunohistochemistry and 

quantified by image analysis. Value is percent area of cortex oocupied by amyloid beta. 

Mean of amyloid beta score in 8 regions (4 or more regions are needed to calculate). 

 

8 regions used: 

 

1. amyloid_hip - hippocampus 

2. amyloid_ec - entorhinal cortex 

3. amyloid_mf - midfrontal cortex 

4. amyloid_it - inferior temporal 

5. amyloid_ag - angular gyrus 

6. amyloid_calc - calcarine cortex 

7. amyloid_cg - anterior cingulate cortex 

8. amyloid_sf - superior frontal cortex 
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RADC recommendation: use AMYLSQRT when using as outcome variable in models. 

(mean of the square-root; has better statistical properties).  

 

Item level variables are available upon request. 
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14. Tau burden 

RADC variable: Neurofibrillary tangle burden : nft 

 

Neurofibrillary tangle summary based on 5 regions 

Neurofibrillary tangle burden is determined by microscopic examination of silver-stained 

slides from 5 regions: midfrontal cortex, midtemporal cortex, inferior parietal cortex, 

entorhinal cortex, and hippocampus. The count of each region is scaled by dividing by the 

corresponding standard deviation. The 5 scaled regional measures are then averaged to 

obtain a summary measure for neurofibrillary tangle burden. 

 

Neurofibrillary tangle pathology counts by region: 

 

Table 18: Coding RADC variable: nft 

Region Variable 

Entorhinal cortex nft_ec 

Hippocampus (CA1) nft_hip 

Midtemporal cortex nft_mt 

Inferior parietal cortex nft_ag 

Midfrontal cortex nft_mf 

Burden across regions nft 

Notes: Counts of tangles may be missing for regions (e.g., due to damage from infarct). If data are present for 

at least 2 of 5 regions, the summary measure for neurofibrillary tangle burden is computed.  

 

Item level variables are available upon request. 
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15. ApoE-4 carriership 

RADC variable: ApoE genotype : apoe_genotype 

 

Apolipoprotein E genotype A 

Apolipoprotein E (APOE) genotype 

 

Table 19: Coding RADC variable: apoe_genotype 

Value Coding 

22 E2E2 

23 E2E3 

23 E2E4 

33 E3E3 

34 E3E4 

44 E4E4 

 

DNA was extracted from PBMCs or brain. Genotyping was performed by Agencourt 

Bioscience Corporation utilizing high-throughput sequencing of codon 112 (position 3937) 

and codon 158 (position 4075) of exon 4 of the APOE gene on chromosome 19. 

 

Participants were genotyped for APOE alleles by Polymorphic DNA Technologies. 

 

All APOE data were generated by Polymorphic DNA Technologies as part of a collaboration 

with Allan Roses and Zinfandel (http://www.polymorphicdna.com/). 
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16. Neural dysfunction 

RADC variable: burden : gpath 
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Global burden of AD pathology based on 5 regions 

Global AD pathology burden is a quantitative summary of AD pathology derived from 

counts of three AD pathologies: neuritic plaques (n), diffuse plaques (d), and neurofibrillary 

tangles (nft), as determined by microscopic examination of silver-stained slides from 5 

regions: midfrontal cortex (midfrontal), midtemporal cortex (midtemp), inferior parietal 

cortex (infparietal), entorhinal cortex (ento), and hippocampus (ca1hip). The resulting 15 

regional counts are shown in the Table. Each regional count is scaled by dividing by the 

corresponding standard deviation. The 5 scaled regional measures for each type of pathology 

are then averaged to obtain summary measures (plaq_d, plaq_n, and nft). The 3 summary 

measures are then averaged to obtain the measure of global AD pathology. 

 

Table of AD pathology counts by region: 

 

Table 20: Coding RADC variable: gpath 

Region Diffuse Plaques Neuritic Plaques Neurofibrillary tangles 

Entorhinal cortex plaq_d_ec plaq_n_ec nft_ec 

Hippocampus (CA1) plaq_d_hip plaq_n_hip nft_hip 

Midtemporal cortex plaq_d_mt plaq_n_mt nft_mt 

Inferior parietal cortex plaq_d_ag plaq_n_ag nft_ag 

Midfrontal cortex plaq_d_mf plaq_n_mf nft_mf 

Burden across region plaq_d plaq_n nft 

 

gpath = mean of (plaq_d. plaq_n, nft) 

 

Notes on missing data and computation of measures: Counts may be missing for regions 

(e.g., due to damage from infarct). If data are present for at least 2 of 5 regions, the burden 

summary for a specific pathology is computed. The global AD pathology burden is only 

computed if all 3 of the pathology-specific summaries are valid (and nonmissing). 

 

Item level variables are available upon request. 
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17. Head trauma 

RADC variable: headinjrloc_cum 

 

Medical History - Head injury with loss of consciousness – cumulative 

 

Table 21: Coding RADC variable: headinjrloc_cum 

Value Coding 

0 
Never reported in past history or in follow‐up cycle up to this cycle (includes suspect or 

possible) 

1 Reported in past history or in at least 1 follow‐up cycle up to this cycle 
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C. Mapping RADC dataset to SD variables 

 

Table 22: Data selection based on the SD model 

Variables grouped by cluster RADC data 

Cluster psychosocial:  

Education level Received education (years) 

Cognitive functioning MMSE score (0-30) 

Depressive symptoms Depressive disorder (0-2) 

Engagement cog. tasks Late-life cognitive activity (average of 7 questions) 

Social relationships Late-life social activity, isolation and network size 

Cluster physical:  

Smoking Smoking status at baseline (0-2) 

Excessive alcohol use Lifetime daily alcohol intake (0-2) 

Blood pressure Diastolic blood pressure (average of three pressure readings) 

Obesity Obesity (0-1) 

Diabetes History of diabetes (0-1) 

Physical activity Late-life hours of physical activity (sum of five items) 

Morbidity burden Cumulative medical conditions (0-7) 

Cluster brain:  

Amyloid beta burden Overall amyloid level (mean of eight brain regions) 

Tau burden Neurofibrillary tangle (mean of five regions) 

ApoE-4 carriership ApoE-4 alleles count (0-2) 

Neural dysfunction Global burden of AD pathology (mean of 5 regions) 

Head trauma Head injury with loss of consciousness (0-1) 

Note. On the left side the variables from the SD model (Figure 1), organized by cluster. On the right 

side are the variables from the RADC dataset. 
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D. Algorithm explanation 

 

K-Means with KmL 

The k-Means model is a hill-climbing algorithm, and it belongs to the Expectation-

Maximization and works as follows: “… initially, each observation is assigned to a cluster. 

Then the optimal clustering is reached by alternating two phases. During the Expectation 

phase, the centres of each cluster (called seeds) are computed. Then the Maximisation phase 

consists in assigning each observation to its “nearest cluster”. The alternation of the two 

phases is repeated until no further changes occur in the clusters.” (Genolini & Falissard, 

2010, p. 319). The KmL package, used in this study for clustering, is a new implementation 

of k-Means specifically designed for longitudinal data (Genolini & Falissard, 2011). 

 

Decision trees with RPART 

Decision tree models, such as classification and regression trees, are used to create prediction 

models from data. These models are constructed by recursively dividing the data and fitting 

simple prediction models within each partition. This process results in a graphical 

representation known as a decision tree. For constructing the decision trees, the package 

RPART is used (Atkinson & Therneau, 1997). Although the RPART package is not 

specifically designed for longitudinal data, it can still handle such data, only without 

accounting for time. 

 

Random forest with LongituRF 

Unlike single decision tree models, random forest combines several randomized decision 

trees and aggregates their predictions by averaging them (Biau & Scornet, 2016). LongituRF 

is like the original random forest proposed by (Breiman, 2001) but modified to work with 

longitudinal data. Within the LongituRF package, two algorithms are used: Mixed Effects 

Random Trees (MERT), proposed by Hajjem et al. (2011), which uses a regression tree to 

estimate f in a model that excludes any stochastic process and Random Effects Expectation 

Maximization Tree (REEMtree) proposed by Sela & Simonoff (2012), which incorporates 

autoregressive processes to account for serial dependencies between observations. Both 

algorithms are used to see which one performed better. 
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E. Numeric MMSE trajectories per diagnosis 

 
Table 23: MMSE patient trajectories counts: mean score [count] 

Diagnosis CN MCI AD OD 

MMSE (y = 0) 28.6 [1120] 27.5 [463] 26.7 [289] 27.7 [18] 

MMSE (y = 1) 28.7 [893] 27.5 [367] 26.0 [285] 27.8 [18] 

MMSE (y = 2) 28.6 [802] 27.3 [326] 24.9 [271] 26.8 [17] 

MMSE (y = 3) 28.6 [712] 27.2 [276] 23.4 [251] 26.1 [16] 

MMSE (y = 4) 28.6 [635] 26.9 [249] 22.3 [219] 24.5 [14] 

MMSE (y = 5) 28.6 [557] 26.9 [212] 20.6 [193] 24.3 [11] 

MMSE (y = 6) 28.5 [510] 26.7 [182] 19.7 [168] 24.1 [11] 

MMSE (y = 7) 28.5 [440] 26.3 [144] 17.9 [143] 22.3 [10] 

MMSE (y = 8) 28.5 [376] 26.3 [128] 17.0 [107] 19.2 [5] 

MMSE (y = 9) 28.3 [315] 25.8 [103] 14.4 [74] 21.5 [2] 
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F. KmL quality critera 

To identify the most appropriate number of clusters within the data, the three quality criteria 

provided by KmL are used: Calinski & Harabatz (1974), Davies & Bouldin (1979) and Ray 

& Turi (1999). Quality criteria may not always be efficient; therefore, employing multiple 

quality criteria can enhance the reliability of the results (Genolini & Falissard, 2011). Below, 

Figure 17 shows the result of multiple quality criteria. 

 

 

Figure 17: Quality criteria KmL 

 

The x-axis represents the number of clusters, and the y-axis the score of these clusters 

ranging from 0 to 1, with 1 being the best score. The numbers on the lines represent the 

quality criteria used (displayed below). According to the paper of Genolini & Falissard 

(2011), this graph shows discordant criteria, meaning that the different criteria do not agree 

on the optimal number of clusters (lines indicate varying numbers of clusters as the most 

optimal). 

 According to Steinley (2006), determining the appropriate number of clusters is one of 

the hardest problems in cluster analysis. Genolini & Falissard (2011, p. 120) add further to 

this: “…like all partitioning algorithms, KmL is unable to give truly reliable and accurate 

information on the number of clusters.”  
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G. Additional clustering tables 

 
Table 26: Comparing clusters with AD for non-longitudinal variables (alpha 0.05, **) 

Cluster A B C D 
P-value 

 N=795 N=333 N=168 N=70 

Gender:     0.120 

    0 (female) 622 (78.2%) 239 (71.8%) 128 (76.2%) 51 (72.9%)  

    1 (male) 173 (21.8%) 94 (28.2%) 40 (23.8%) 19 (27.1%)  

Education level 15.3 (3.11) 14.4 (3.05) 13.8 (3.20) 14.8 (3.08) <0.001** 

Smoking:     . 

    0 (non-smoker) 452 (56.9%) 206 (61.9%) 107 (63.7%) 42 (60.0%)  

    1 (former smoker) 327 (41.1%) 115 (34.5%) 57 (33.9%) 26 (37.1%)  

    2 (smoker) 16 (2.01%) 12 (3.60%) 4 (2.38%) 1 (1.43%)  

Exc. alcohol use:     0.016** 

    0 (low) 458 (57.6%) 227 (68.2%) 114 (67.9%) 46 (66.7%)  

    1 (medium) 240 (30.2%) 74 (22.2%) 35 (20.8%) 16 (23.2%)  

    2 (high) 96 (12.1%) 32 (9.61%) 19 (11.3%) 7 (10.1%)  

ApoE-4 carriership:     . 

    0 (0 genes) 623 (79.1%) 266 (80.6%) 110 (66.3%) 43 (61.4%)  

    1 (1 gene) 158 (20.1%) 56 (17.0%) 52 (31.3%) 25 (35.7%)  

    2 (2 genes) 7 (0.89%) 8 (2.42%) 4 (2.41%) 2 (2.86%)  

Amyloid beta burden 4.21 (4.40) 4.70 (4.07) 6.34 (4.90) 6.63 (4.54) <0.001** 

Tau burden 0.46 (0.56) 0.59 (0.68) 0.89 (0.79) 1.36 (1.24) <0.001** 

Neural dysfunction 0.61 (0.55) 0.71 (0.58) 0.96 (0.63) 1.15 (0.66) <0.001** 

Has died:     <0.001** 

    0 (no) 506 (63.6%) 128 (38.4%) 33 (19.6%) 14 (20.0%)  

    1 (yes) 289 (36.4%) 205 (61.6%) 135 (80.4%) 56 (80.0%)  

 

Table 24: Comparing clusters for longitudinal variables at baseline (alpha 0.05, **) 

Cluster A B C D 
P-value 

 N=795 N=333 N=168 N=70 

Follow-up year 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) . 

Age at visit 76.8 (7.25) 82.0 (6.01) 83.5 (5.81) 83.6 (7.05) <0.001** 

Diagnosis:     <0.001** 

    0 (CN) 710 (89.3%) 234 (70.3%) 81 (48.2%) 13 (18.6%)  
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    1 (MCI) 85 (10.7%) 99 (29.7%) 87 (51.8%) 57 (81.4%)  

MMSE 28.9 (1.17) 27.7 (1.71) 26.6 (2.42) 25.3 (2.74) <0.001** 

Social activity 2.75 (0.54) 2.59 (0.54) 2.37 (0.56) 2.39 (0.54) <0.001** 

Social isolation 2.12 (0.54) 2.35 (0.63) 2.49 (0.60) 2.33 (0.55) <0.001** 

Social network 7.48 (6.04) 6.77 (5.62) 6.12 (4.84) 6.22 (5.29) 0.012** 

Depress. symptoms:     0.022** 

    0 (no) 781 (98.6%) 322 (97.0%) 161 (96.4%) 65 (94.2%)  

    1 (yes) 11 (1.39%) 10 (3.01%) 6 (3.59%) 4 (5.80%)  

Eng. cog. tasks 3.35 (0.67) 3.18 (0.73) 3.02 (0.76) 2.84 (0.79) <0.001** 

Blood pressure 75.1 (11.3) 73.4 (10.6) 72.1 (10.8) 74.5 (11.2) 0.006** 

Diabetes:     0.544 

    0 (no) 703 (88.4%) 288 (86.5%) 151 (89.9%) 64 (91.4%)  

    1 (yes) 92 (11.6%) 45 (13.5%) 17 (10.1%) 6 (8.57%)  

Physical activity 3.54 (3.69) 3.26 (3.82) 3.13 (3.79) 3.34 (3.20) 0.483 

Head trauma:     0.268 

    0 (no) 739 (93.0%) 307 (92.2%) 161 (95.8%) 68 (97.1%)  

    1 (yes) 56 (7.04%) 26 (7.81%) 7 (4.17%) 2 (2.86%)  

Morbidity burden:     . 

    0 (0 diseases) 149 (18.7%) 64 (19.2%) 31 (18.5%) 23 (32.9%)  

    1 (1 disease) 314 (39.5%) 116 (34.8%) 69 (41.1%) 30 (42.9%)  

    2 (2 diseases) 226 (28.4%) 98 (29.4%) 43 (25.6%) 10 (14.3%)  

    3 (3 diseases) 86 (10.8%) 35 (10.5%) 20 (11.9%) 6 (8.57%)  

    4 (4 diseases) 17 (2.14%) 19 (5.71%) 4 (2.38%) 0 (0.00%)  

    5 (5 diseases) 2 (0.25%) 1 (0.30%) 0 (0.00%) 1 (1.43%)  

    6 (6 diseases) 1 (0.13%) 0 (0.00%) 1 (0.60%) 0 (0.00%)  

Obesity:     0.001** 

    0 (no) 561 (71.4%) 246 (75.9%) 135 (83.3%) 59 (85.5%)  

    1 (yes) 225 (28.6%) 78 (24.1%) 27 (16.7%) 10 (14.5%)  

 
Table 25: Comparing clusters for longitudinal variables at the last follow-up (alpha 0.05, **) 

Clusters A B C D 
P-value 

 N=795 N=333 N=168 N=70 

Follow-up year 7.32 (2.03) 6.50 (2.08) 6.07 (2.03) 5.49 (1.92) <0.001** 

Age at visit 84.2 (7.26) 88.6 (6.30) 89.6 (5.72) 89.0 (7.10) <0.001** 

Diagnosis:     . 
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0 (CN) 621 (81.8%) 95 (31.0%) 5 (3.29%) 0 (0.00%)  

1 (MCI) 130 (17.1%) 121 (39.5%) 35 (23.0%) 2 (3.17%)  

2 (AD) 7 (0.92%) 82 (26.8%) 105 (69.1%) 61 (96.8%)  

3 (OD) 1 (0.13%) 8 (2.61%) 7 (4.61%) 0 (0.00%)  

MMSE 28.4 (1.47) 23.8 (4.22) 16.9 (6.62) 7.10 (6.26) 0.000** 

Social activity 2.52 (0.62) 2.11 (0.66) 1.86 (0.65) 1.83 (0.76) <0.001** 

Social isolation 2.16 (0.63) 2.47 (0.65) 2.71 (0.73) 2.55 (0.63) <0.001** 

Social network 6.59 (5.46) 5.34 (4.77) 4.47 (5.38) 5.56 (4.89) <0.001** 

Depress. symptoms:     0.025** 

    0 (no) 736 (97.4%) 290 (95.7%) 128 (92.1%) 52 (98.1%)  

    1 (yes) 20 (2.65%) 13 (4.29%) 11 (7.91%) 1 (1.89%)  

Eng. cog. tasks 3.08 (0.71) 2.65 (0.84) 2.22 (0.86) 1.84 (0.92) <0.001** 

Blood pressure 75.0 (11.4) 73.0 (10.6) 73.7 (11.5) 74.2 (10.7) 0.158 

Diabetes:     . 

    0 (no) 627 (78.9%) 242 (72.7%) 136 (81.0%) 56 (80.0%)  

    1 (yes) 159 (20.0%) 78 (23.4%) 27 (16.1%) 11 (15.7%)  

Physical activity 2.99 (3.52) 2.27 (2.72) 1.52 (2.51) 0.89 (1.14) <0.001** 

Head trauma:     . 

   0 (no) 699 (90.3%) 280 (90.0%) 147 (93.0%) 59 (96.7%)  

   1 (yes) 75 (9.69%) 31 (9.97%) 11 (6.96%) 2 (3.28%)  

Morbidity burden:     . 

    0 (0 diseases) 68 (8.79%) 30 (9.65%) 19 (12.0%) 12 (19.7%)  

    1 (1 disease) 211 (27.3%) 68 (21.9%) 42 (26.6%) 19 (31.1%)  

    2 (2 diseases) 263 (34.0%) 101 (32.5%) 42 (26.6%) 18 (29.5%)  

    3 (3 diseases) 150 (19.4%) 66 (21.2%) 38 (24.1%) 8 (13.1%)  

    4 (4 diseases) 65 (8.40%) 34 (10.9%) 13 (8.23%) 2 (3.28%)  

    5 (5 diseases) 15 (1.94%) 11 (3.54%) 3 (1.90%) 2 (3.28%)  

    6 (6 diseases) 2 (0.26%) 1 (0.32%) 1 (0.63%) 0 (0.00%)  

Obesity:     0.002** 

    0 (no) 521 (73.4%) 200 (84.0%) 73 (83.9%) 25 (83.3%)  

    1 (yes) 189 (26.6%) 38 (16.0%) 14 (16.1%) 5 (16.7%)  

 
Table 26: Comparing clusters with AD for non-longitudinal variables (alpha 0.05, **) 

Cluster B C D 
P-value 

 N=82 N=105 N=61 
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Gender:    0.378 

    0 (female) 62 (75.6%) 84 (80.0%) 43 (70.5%)  

    1 (male) 20 (24.4%) 21 (20.0%) 18 (29.5%)  

Education level 15.5 (2.73) 14.1 (3.14) 14.9 (2.89) 0.007** 

Smoking:    0.847 

    0 (non-smoker) 53 (64.6%) 67 (63.8%) 35 (58.3%)  

    1 (former smoker) 26 (31.7%) 35 (33.3%) 24 (40.0%)  

    2 (smoker) 3 (3.66%) 3 (2.86%) 1 (1.67%)  

Exc. alcohol use:    0.991 

    0 (low) 53 (64.6%) 66 (62.9%) 39 (65.0%)  

    1 (medium) 18 (22.0%) 26 (24.8%) 14 (23.3%)  

    2 (high) 11 (13.4%) 13 (12.4%) 7 (11.7%)  

ApoE-4 carriership:    0.835 

    0 (0 genes) 55 (67.9%) 63 (61.2%) 37 (60.7%)  

    1 (1 gene) 24 (29.6%) 37 (35.9%) 23 (37.7%)  

    2 (2 genes) 2 (2.47%) 3 (2.91%) 1 (1.64%)  

Amyloid beta burden 5.10 (3.73) 7.23 (5.03) 6.36 (4.33) 0.030** 

Tau burden 0.77 (0.84) 0.98 (0.79) 1.28 (1.10) 0.022** 

Neural dysfunction 0.92 (0.64) 1.06 (0.61) 1.10 (0.64) 0.320 

Has died:    0.307 

    0 (no) 20 (24.4%) 17 (16.2%) 10 (16.4%)  

    1 (yes) 62 (75.6%) 88 (83.8%) 51 (83.6%)  

 

Table 27: Comparing clusters with AD for longitudinal variables at baseline (alpha 0.05, **) 

Cluster B C D 
P-value 

 N=82 N=105 N=61 

Follow-up year 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) . 

Age at visit 82.6 (5.76) 83.9 (5.85) 84.1 (7.01) 0.255 

Diagnosis:    <0.001** 

    0 (CN) 60 (73.2%) 54 (51.4%) 13 (21.3%)  

    1 (MCI) 22 (26.8%) 51 (48.6%) 48 (78.7%)  

MMSE 28.1 (1.60) 26.9 (2.37) 25.4 (2.75) <0.001** 
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Social activity 2.59 (0.51) 2.43 (0.56) 2.41 (0.53) 0.074 

Social isolation 2.40 (0.72) 2.47 (0.53) 2.34 (0.49) 0.409 

Social network 6.55 (5.68) 6.46 (4.62) 5.95 (5.29) 0.769 

Depress. symptoms:    0.352 

    0 (no) 80 (98.8%) 99 (95.2%) 57 (95.0%)  

    1 (yes) 1 (1.23%) 5 (4.81%) 3 (5.00%)  

Eng. cog. tasks 3.38 (0.69) 3.10 (0.73) 2.81 (0.81) <0.001** 

Blood pressure 72.4 (9.68) 71.4 (10.7) 73.9 (11.6) 0.353 

Diabetes:    0.664 

    0 (no) 77 (93.9%) 96 (91.4%) 55 (90.2%)  

    1 (yes) 5 (6.10%) 9 (8.57%) 6 (9.84%)  

Physical activity 3.28 (3.23) 3.13 (3.90) 3.35 (3.25) 0.923 

Head trauma:    0.119 

    0 (no) 74 (90.2%) 100 (95.2%) 60 (98.4%)  

    1 (yes) 8 (9.76%) 5 (4.76%) 1 (1.64%)  

Morbidity burden:    . 

    0 (0 diseases) 18 (22.0%) 20 (19.0%) 21 (34.4%)  

    1 (1 disease) 32 (39.0%) 46 (43.8%) 25 (41.0%)  

    2 (2 diseases) 21 (25.6%) 20 (19.0%) 9 (14.8%)  

    3 (3 diseases) 11 (13.4%) 15 (14.3%) 5 (8.20%)  

    4 (4 diseases) 0 (0.00%) 3 (2.86%) 0 (0.00%)  

    5 (5 diseases) 0 (0.00%) 0 (0.00%) 1 (1.64%)  

    6 (6 diseases) 0 (0.00%) 1 (0.95%) 0 (0.00%)  

Obesity:    0.169 

    0 (no) 59 (73.8%) 81 (80.2%) 52 (86.7%)  

    1 (yes) 21 (26.2%) 20 (19.8%) 8 (13.3%)  

 

Table 28: Comparing clusters with AD for longitudinal variables at the last follow-up year (alpha 0.05, **) 

Cluster B C D 
P-value 

 N=82 N=105 N=61 

Follow-up year 7.70 (1.66) 6.53 (1.92) 5.51 (1.91) <0.001** 

Age at visit 90.3 (5.82) 90.4 (5.54) 89.6 (6.90) 0.643 

Diagnosis: 2 82 (100%) 105 (100%) 61 (100%) . 

MMSE 19.7 (4.91) 14.8 (6.53) 7.20 (6.14) <0.001** 

Social activity 1.96 (0.58) 1.79 (0.63) 1.77 (0.69) 0.170 
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Social isolation 2.50 (0.58) 2.63 (0.71) 2.62 (0.56) 0.450 

Social network 4.62 (3.57) 4.87 (6.36) 5.60 (5.05) 0.721 

Depress. symptoms:    0.349 

    0 (no) 76 (96.2%) 87 (92.6%) 49 (98.0%)  

    1 (yes) 3 (3.80%) 7 (7.45%) 1 (2.00%)  

Eng. cog. tasks 2.53 (0.89) 2.13 (0.79) 1.79 (0.90) <0.001** 

Blood pressure 70.1 (9.72) 73.2 (10.8) 73.5 (9.45) 0.153 

Diabetes:    0.560 

    0 (no) 63 (77.8%) 87 (83.7%) 49 (83.1%)  

    1 (yes) 18 (22.2%) 17 (16.3%) 10 (16.9%)  

Physical activity 2.16 (2.62) 1.24 (1.79) 0.88 (1.12) 0.002* 

Head trauma:    0.077 

   0 (no) 68 (87.2%) 94 (91.3%) 53 (98.1%)  

   1 (yes) 10 (12.8%) 9 (8.74%) 1 (1.85%)  

Morbidity burden:    . 

    0 (0 diseases) 6 (7.69%) 12 (11.7%) 11 (20.4%)  

    1 (1 disease) 23 (29.5%) 27 (26.2%) 16 (29.6%)  

    2 (2 diseases) 22 (28.2%) 28 (27.2%) 17 (31.5%)  

    3 (3 diseases) 18 (23.1%) 24 (23.3%) 6 (11.1%)  

    4 (4 diseases) 9 (11.5%) 9 (8.74%) 2 (3.70%)  

    5 (5 diseases) 0 (0.00%) 2 (1.94%) 2 (3.70%)  

    6 (6 diseases) 0 (0.00%) 1 (0.97%) 0 (0.00%)  

Obesity:    0.585 

    0 (no) 44 (88.0%) 43 (81.1%) 22 (81.5%)  

    1 (yes) 6 (12.0%) 10 (18.9%) 5 (18.5%)  
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H. Interpretable rules for decision tree  

 
Table 29: Interpretable? rules 

Rule ID Rule 

[26] 
IF engagement in cognitively demanding tasks >= 2.8 AND tau burden >= 5.11 

THEN score = 5.0 

[4] 
IF engagement in cognitively demanding tasks < 1.5 AND neural dysfunction >= 2 

THEN score = 6.7 

[20] 
IF engagement in cognitively demanding tasks < 1.5 AND social activity < 1.1 AND 

neural dysfunction < 2 AND amyloid beta burden >= 7.9 THEN score = 8.0 

[21] 
IF engagement in cognitively demanding tasks < 1.5 AND social activity < 1.1 AND 

neural dysfunction < 2 AND amyloid beta burden < 7.9 THEN score = 18.1 

[24] 
IF engagement in cognitively demanding tasks is 1.5 to 2.8 AND social activity < 2.3 

AND tau burden >= 1.50 THEN score = 19.8 

[22] 
IF engagement in cognitively demanding tasks < 1.5 AND social activity is 1.1 to 2.1 

AND neural dysfunction < 2 THEN score = 22.5 

[54] 
IF engagement in cognitively demanding tasks >= 2.8 AND tau burden is 1.50 to 

5.11 AND apoe4_carriership is 0 or 1 THEN score = 23.4 

[25] 
IF engagement in cognitively demanding tasks is 1.5 to 2.8 AND social activity >= 

2.3 AND tau burden >= 1.50 THEN score = 24.1 

[28] 
IF engagement in cognitively demanding tasks is 1.5 to 2.5 AND social activity < 2.3 

AND tau burden < 1.50 THEN score = 25.6 

[62] 
IF engagement in cognitively demanding tasks >= 1.5 AND social activity >= 2.3 

AND tau burden < 0.53 AND education level < 10 THEN score = 26.1 

[58] 
IF engagement in cognitively demanding tasks >= 2.5 AND social activity < 2.3 

AND tau burden < 1.50 AND amyloid beta burden >= 4.7 THEN score = 26.2 

[23] 
IF engagement in cognitively demanding tasks < 1.5 AND social activity >= 2.1 

AND neural dysfunction < 2 THEN score = 26.3 

[30] 

IF engagement in cognitively demanding tasks >= 1.5 AND social activity >= 2.3 

AND tau burden is 0.53 to 1.50 

THEN score = 26.5 

[55] 

IF engagement in cognitively demanding tasks >= 2.8 AND tau burden is 1.50 to 

5.11 AND apoe4_carriership is 2 

THEN score = 27.2 
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[59] 
IF engagement in cognitively demanding tasks >= 2.5 AND social activity < 2.3 

AND tau burden < 1.50 AND amyloid beta burden < 4.7 THEN score = 27.5 

[63] 
IF engagement in cognitively demanding tasks >= 1.5 AND social activity >= 2.3 

AND tau burden < 0.53 AND education level >= 10 THEN score = 28.2 
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I. R code 

 

In this R notebook the data analysis process in this research will be shown. 

 

1. Importing data and libraries 

 

1.1 Import packages 

library(ggplot2) 

library(Hmisc) 

library(PerformanceAnalytics) 

library(cowplot) 

library(caret) 

library(rpart) 

library(rpart.plot) 

library(e1071) 

library(randomForest) 

library(gbm) 

library(Metrics) 

library(vtreat) 

library(AUC) 

library(readxl) 

library(polycor) 

library(ggpubr) 

library(randomForest) 

library(dlookr) 

library(missRanger) 

library(reshape) 

library(longitudinalData) 

library(misc3d) 

library(rgl) 

library(kml) 

library(dplyr) 

library(factoextra) 

library(clustMixType) 

library(forcats) 

library(rpart) 

library(rpart.plot) 

library(LongituRF) 

library(vip) 

library(compareGroups) 

library(Metrics) 

library(knitr) 

 

#prefer some functions of dplyr over other packages to avoid conflicts 

library(conflicted) 

conflict_prefer("select", "dplyr") 

conflict_prefer("filter", "dplyr") 

conflict_prefer("last", "dplyr") 

conflict_prefer("rename", "dplyr") 

1.2 Import data 

• The RADC data consist of two Excel files; non-longitudinal (dfbasic), longitudinal 

(dflong) 

#data basic consist of baseline data 

o_dfbasic <- dplyr::tibble(read_excel("RADC_Basic.xlsx")) 
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#data long consist of longitudinal data  

o_dflong <- dplyr::tibble(read_excel("RADC_Long.xlsx")) 

1.3 Selecting variables data 

• The variables (columns) in the dataset are selected based on the SD model of Uleman 

et al. (2023). Some additional variables are selected such as id, follow-up year, gender 

age etc. 

#selecting variables for non-longitudinal dataset 

dfbasic <- 

  o_dfbasic %>% 

  dplyr::select( 

    projid, #patient id  

    msex, #gender 

    educ, #education level  

    smoking, #smoking status 

    ldai_bl, #alcohol use 

    apoe_genotype, #apoe4-carriership 

    amyloid, #amyloid beta burden 

    nft, #tau burden 

    gpath, #neural dysfunction 

    age_death #age at death 

  ) 

   

#selecting variables for longitudinal dataset 

dflong <- 

  o_dflong %>% 

  dplyr::select( 

    projid, #patient id 

    fu_year, #follow-up year 

    age_at_visit, #age 

    dcfdx, #diagnosis status 

    cts_mmse30, #mmse score 

    late_life_soc_act, #social activity 

    social_isolation, #social isolation 

    soc_net, #social network 

    r_depres, #depressive symptoms  

    late_life_cogact_freq, #engagement in cogenetively demanding tasks 

    dbp_avg, #average blood pressure 

    bmi, #bmi 

    dm_cum, #diabetes 

    phys5itemsum, #physical activity 

    headinjrloc_cum, #head trauma 

    med_con_sum_cum #medical comorbidity 

  ) 

2. Data cleaning 

2.1 Cleaning dfbasic 

• The justification for the cleaning can be found in the method section of the thesis 

#cleaning basic data frame 

dfbasic <-  

  dfbasic %>% 

  #counting apoe_genotype > 0, 1 or 2 ApoE-4 genotypes 

  dplyr::mutate( apoe_genotype =  

            case_when( 

              apoe_genotype == 44 ~ 2, 
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              apoe_genotype == 24 ~ 1, 

              apoe_genotype == 34 ~ 1, 

              is.na(apoe_genotype) ~ NA, 

              TRUE ~ 0)) %>% 

  #transforming ldai_l > excessive alcohol use (more than 14 drinks p/w 1, 0) 

  dplyr::mutate( ldai_bl =  

            case_when( 

              ldai_bl %in% c(2.5, 4.5, 6.0) ~ 2, 

              ldai_bl %in% c(1.0, 0.8, 0.4) ~ 1, 

              ldai_bl %in% c(0.2, 0.1, 0.0) ~ 0, 

              is.na(ldai_bl) ~ NA)) %>% 

  #adding flag to identify patients who died based on field age_death 

  dplyr::mutate( age_death = 

           case_when( 

             !is.na(age_death) ~ 1, 

             is.na(age_death) ~ 0)) 

2.2 Cleaning dflong 

• The justification for the cleaning can be found in the method section of the thesis 

#cleaning long data frame 

dflong <-  

  dflong %>% 

  #regrouping diagnosis 

  dplyr::mutate( dcfdx =  

                   case_when( 

                     dcfdx == 1 ~ 0, 

                     dcfdx %in% c(2,3) ~ 1, 

                     dcfdx %in% c(4,5) ~ 2, 

                     dcfdx == 6 ~ 3, 

                     TRUE ~ NA)) %>% 

  #grouping depressive symptoms 

  dplyr::mutate( r_depres =  

                   case_when( 

                     r_depres %in% c(1,2) ~ 1, 

                     r_depres %in% c(3,4) ~ 0, 

                     TRUE ~ NA)) %>% 

  #BMI > 30.0 = 1, else 0 

  dplyr::mutate( obesity =  

                   case_when( 

                     bmi >= 30.00000 ~ 1, 

                     is.na(bmi) ~ NA, 

                     TRUE ~ 0)) %>% 

  #drop transformed columns in dflong 

  dplyr::select(-bmi) 

2.3 Renaming variables 

• These variables are renamed according to the SD model. The explanation of these 

variables can be found int the method section and Appendix of the thesis. 

#renaming variables for dfbasic 

dfbasic <-  

  dfbasic %>%  

    dplyr::rename( 

      pid = projid, 

      gender = msex, 

      education_level = educ, 

      smoking = smoking, 

      alcohol_use = ldai_bl, 
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      apoe4_carriership = apoe_genotype, 

      amyloid_beta_burden = amyloid, 

      tau_burden = nft, 

      neural_dysfunction = gpath, 

      has_died = age_death 

  ) 

 

#renaming variables for dflong 

dflong <-  

  dflong %>% 

    dplyr::rename( 

      pid = projid, 

      age = age_at_visit, 

      diagnosis = dcfdx, 

      mmse = cts_mmse30, 

      depressive_symptoms = r_depres, 

      eng_cog_tasks = late_life_cogact_freq, 

      blood_pressure = dbp_avg, 

      diabetes = dm_cum, 

      physical_activity = phys5itemsum, 

      head_trauma = headinjrloc_cum, 

      morbidity_burden = med_con_sum_cum, 

      social_isolation = social_isolation, 

      social_activity = late_life_soc_act, 

      social_network = soc_net, 

  ) 

2.4 Transforming patient id (pid) 

• Transforming character pid to new integer pid for easier transformations and joins later 

on. 

#assigning new pid for all patients 

dfbasic$n_pid <- base::match(dfbasic$pid, unique(dfbasic$pid)) 

 

#transforming patient ID for dflong 

dflong <- 

  dflong %>%  

  dplyr::left_join(dfbasic, by="pid") %>%  

  dplyr::select(everything(dflong), n_pid) %>%  

  dplyr::mutate(pid = n_pid) %>%  

  dplyr::select(-n_pid) 

 

#transforming patient ID for dfbasic 

dfbasic <- 

  dfbasic %>% 

  dplyr::mutate(pid = n_pid) %>% 

  dplyr::select(-n_pid) 

2.5 Transforming data types 

#transforming dflong 

dflong <-  

  dflong %>% 

  dplyr::mutate( 

    fu_year = as.integer(fu_year), 

    diagnosis = as.factor(diagnosis), 

    depressive_symptoms = as.factor(depressive_symptoms), 

    diabetes = as.factor(diabetes), 

    head_trauma = as.factor(head_trauma), 

    obesity = as.factor(obesity), 
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    morbidity_burden = as.factor(morbidity_burden) 

    ) 

 

#transforming dfbasic 

dfbasic <- 

  dfbasic %>% 

  dplyr::mutate( 

    gender = as.factor(gender), 

    smoking = as.factor(smoking), 

    alcohol_use = as.factor(alcohol_use), 

    apoe4_carriership = as.factor(apoe4_carriership), 

    has_died = as.factor(has_died) 

    ) 

2.6 Structure dfbasic 

str(dfbasic) 

2.7 Structure dflong 

str(dflong) 

2.8 Removing baseline AD & OD patients 

#filter patients at baseline with diagnosis 2 or 3 

ad_od_bl_pid <-  

  dflong %>%  

  group_by(pid) %>% 

  filter(fu_year == 0 & diagnosis %in% c(2,3)) %>% 

  select(pid) 

 

#keeping copy of original dataset 

dfbasic_o <- dfbasic 

dflong_o <- dflong 

 

#excluding these patients from dfbasic 

dfbasic <- 

  dfbasic %>% 

  dplyr::anti_join(ad_od_bl_pid, by='pid') 

 

#excluding these patients from dflong 

dflong <- 

  dflong %>% 

  dplyr::anti_join(ad_od_bl_pid, by='pid') 

2.9 Plot diagnosis before cleaning 

#plot amount of people in each diagnosis group, at baseline, before removing AD a

nd OD 

p_diagnosis_before_cleaning <- 

  dflong_o %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == min(fu_year, na.rm=TRUE)) %>% 

  dplyr::group_by(diagnosis) %>% 

  dplyr::summarise(count = n_distinct(pid)) %>% 

  dplyr::ungroup() %>% 
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  #start plot 

  ggplot(aes(x= reorder(diagnosis, desc(count)), y=count, fill=diagnosis)) + 

  geom_bar(stat="identity") + 

  annotate("text", x = 1, y = 570, label = paste("CN"), color='#41b823', size=10, 

fontface="bold") + 

  annotate("text", x = 2, y = 236.5, label = paste("MCI"), color='#eead2b', size=

9, fontface="bold") + 

  annotate("text", x = 3, y = 259, label = paste("AD"), color='#ee4b2b', size=10, 

fontface="bold") + 

  annotate("text", x = 4, y = 154, label = paste("OD"), color='#2b6fee', size=10, 

fontface="bold") + 

  scale_fill_manual("Diagnosis", values = c("0" = "#a0dc91", "1" = "#f7d695", "2" 

= "#f7a595", "3" = "#95b7f7"), na.value = "#a6a6a6", labels=c('CN', "MCI", 'AD', 

'OD')) + 

  scale_x_discrete(labels = c('0','1','2', '3')) + 

  geom_text(aes(label=count), vjust=-1, size=3) + 

  labs(x = "Before pre-processing") + 

  scale_y_continuous(expand=c(0,133)) + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        axis.title.x=element_text(vjust= -3), 

        axis.title.y=element_blank(), 

        legend.position = "none", 

        plot.margin=unit(c(0.5, 0.75, 0.75, 0),"cm")) 

 

#plot amount of people in each diagnosis group after cleaning 

p_diagnosis_after_cleaning <-  

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == min(fu_year, na.rm=TRUE)) %>% 

  dplyr::group_by(diagnosis) %>% 

  dplyr::summarise(count = n_distinct(pid)) %>% 

  dplyr::ungroup() %>% 

  #start plot 

  ggplot(aes(x= reorder(diagnosis, desc(count)), y=count, fill=diagnosis)) + 

  geom_bar(stat="identity", width = 0.5) + 

  annotate("text", x = 1, y = 735.5, label = paste("CN"), color='#41b823', size=1

0, fontface="bold") + 

  annotate("text", x = 2, y = 269, label = paste("MCI"), color='#eead2b', size=9, 

fontface="bold") + 

  scale_fill_manual("Diagnosis", values = c("0" = "#a0dc91", "1" = "#f7d695", "2" 

= "#f7a595", "3" = "#95b7f7"), labels=c('CN', "MCI")) + 

  scale_x_discrete(labels = c('0','1','2', '3')) + 

  geom_text(aes(label=count), vjust=-1, size=3) + 

  labs(x = "After pre-processing") + 

  scale_y_continuous(expand=c(0,133)) + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        axis.title.x=element_text(vjust= -3), 

        axis.title.y=element_blank(), 

        legend.position = "none", 

        plot.margin=unit(c(0.5, 0.75, 0.75, 0),"cm")) 

 

#plot both elements 

p_diagnosis_preproc <-  

ggarrange(p_diagnosis_before_cleaning,  

          p_diagnosis_after_cleaning, 

          ncol = 2,  

          nrow = 1 

          ) + 

  theme(plot.margin=unit(c(1, 0.75, 0.50, 0.75),"cm")) 

 

#add title to figure 

annotate_figure( 
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  p_diagnosis_preproc, 

                  top = text_grob("Diagnosis at baseline: before and after pre-pr

ocessing", 

                  face = "bold", 

                  size = 20, 

                  vjust = 2.25) 

  ) 

2.10 Plot follow-ups from dflong (before exclusion) 

#Plotting the number patients in each follow-up year 

dflong %>% 

  dplyr::group_by(fu_year) %>% 

  dplyr::summarise(count = n_distinct(pid)) %>% 

  dplyr::ungroup() %>% 

  #start plot 

  ggplot(aes(x=fu_year, y=count)) + 

  geom_bar(stat="identity", fill="#A6A6A6") + 

  geom_text(aes(label=count), vjust=-0.5, size=4) + 

  labs(y= "Patients count", x = "Follow-up year") + 

  scale_x_continuous(limits = c(-1,22), breaks = seq(0,21, by=2)) + 

  scale_y_continuous(expand=c(0,250)) + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        axis.title.x=element_text(vjust= -2.5), 

        axis.title.y=element_text(vjust= +2.5), 

        plot.margin=unit(c(1, 1, 1, 1),"cm")) 

2.11 Excluding follow-ups after year 10 

dflong <- 

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(!fu_year > 9) 

• Both datasets are cleaned and the datatypes seem right. 

 

3. Descriptive analysis 

3.1 Mean and median 

• Calculation mean and median of follow-up year 

#mean follow-up years 

fu_mean <- 

dflong %>% 

  #adding 1 year to follow-up year because starts at 0 

  dplyr::mutate(fu_year = fu_year + 1) %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm = TRUE)) %>% 

  dplyr::ungroup() %>% 

  dplyr::summarise(mean = mean(fu_year, na.rm = TRUE)) 

 

#median follow-up years 
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fu_median <- 

dflong %>% 

  #adding 1 year to follow-up year because starts at 0 

  dplyr::mutate(fu_year = fu_year + 1) %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm = TRUE)) %>% 

  dplyr::ungroup() %>% 

  dplyr::summarise(median = median(fu_year, na.rm = TRUE)) 

 

#print mean and median of follow-up year 

print(paste('follow-up year: mean is', round(fu_mean$mean, 2), '& mean is', fu_me

dian$median)) 

3.2 Descriptive tables of dfbasic 

dt_dfbasic <-  

  #constructing table for dfbasic 

  compareGroups::compareGroups( ~ . - pid, 

                 data= dfbasic, 

                 include.miss = TRUE) %>% 

  compareGroups::createTable(hide.no="no") 

 

#export table as Rmarkdown 

compareGroups::export2md(dt_dfbasic, strip=TRUE, first.strip=TRUE) 

3.3 Descriptive tables of dflong: at baseline 

dt_dflong_data_lf <- 

  dflong %>% 

  dplyr::group_by(pid) %>% 

  #filtering data to baseline 

  dplyr::filter(fu_year == min(fu_year, na.rm=TRUE))  

  #for the table in the Appendix with all the years, I changed the year to 0-9 

  #dplyr::filter(fu_year == 1)  

 

dt_dflong_bl <-  

  compareGroups::compareGroups(~ . - pid, 

                 data = dt_dflong_data_lf, 

                 include.miss = TRUE) %>% 

  compareGroups::createTable(hide.no="no") 

 

#export table as Rmarkdown 

compareGroups::export2md(dt_dflong_bl, strip=TRUE, first.strip=TRUE) 

3.4 Descriptive tables of dflong: last follow-up 

dt_dflong_data_lf <- 

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) 

   

dt_dflong_lf <-  

  compareGroups::compareGroups( ~ . - pid, 

                 data = dt_dflong_data_lf, 

                 include.miss = TRUE) %>% 

  compareGroups::createTable(hide.no="no") 

 

#export table as Rmarkdown 
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compareGroups::export2md(dt_dflong_lf, strip=TRUE, first.strip=TRUE) 

3.5 Plot: patients count baseline and last follow-up for diagnosis groups 

#plot amount of people in each diagnosis group: at baseline 

p_diagnosis_base <-  

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == min(fu_year, na.rm=TRUE)) %>% 

  dplyr::group_by(diagnosis) %>% 

  dplyr::summarise(count = n_distinct(pid)) %>% 

  dplyr::ungroup() %>% 

  #start plot 

  ggplot(aes(x= reorder(diagnosis, desc(count)), y=count, fill=diagnosis)) + 

  geom_bar(stat="identity", width = 0.40) + 

  annotate("text", x = 1, y = 735.5, label = paste("CN"), color='#41b823', size=1

0, fontface="bold") + 

  annotate("text", x = 2, y = 269, label = paste("MCI"), color='#eead2b', size=9, 

fontface="bold") + 

  scale_fill_manual("Diagnosis", values = c("0" = "#a0dc91", "1" = "#f7d695", "2" 

= "#f7a595", "3" = "#95b7f7"), labels=c('CN', "MCI")) + 

  scale_x_discrete(labels = c('0','1','2', '3')) + 

  geom_text(aes(label=count), vjust=-1, size=3) + 

  labs(x = "Diagnosis at baseline") + 

  scale_y_continuous(expand=c(0,133)) + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        axis.title.x=element_text(vjust= -3), 

        axis.title.y=element_blank(), 

        legend.position = "none", 

        plot.margin=unit(c(0.5, 0.75, 0.75, 0),"cm")) 

 

#plot amount of people in each diagnosis group: at last measured follow_up 

p_diagnosis_last <-  

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) %>% 

  dplyr::group_by(diagnosis) %>% 

  dplyr::summarise(count = n_distinct(pid)) %>% 

  dplyr::ungroup() %>% 

  #start plot 

  ggplot(aes(x= reorder(diagnosis, desc(count)), y=count, fill=diagnosis)) + 

  geom_bar(stat="identity") + 

  annotate("text", x = 1, y = 570, label = paste("CN"), color='#41b823', size=10, 

fontface="bold") + 

  annotate("text", x = 2, y = 236.5, label = paste("MCI"), color='#eead2b', size=

9, fontface="bold") + 

  annotate("text", x = 3, y = 147.5, label = paste("AD"), color='#ee4b2b', size=1

0, fontface="bold") + 

  annotate("text", x = 4, y = 118, label = paste("OD"), color='#2b6fee', size=10, 

fontface="bold") + 

  annotate("text", x = 5, y = 225, label = paste("NA"), color='#a6a6a6', size=10, 

fontface="bold") + 

  scale_fill_manual("Diagnosis", values = c("0" = "#a0dc91", "1" = "#f7d695", "2" 

= "#f7a595", "3" = "#95b7f7"), na.value = "#a6a6a6", labels=c('CN', "MCI", 'AD', 

'OD')) + 

  scale_x_discrete(labels = c('0','1','2', '3')) + 

  geom_text(aes(label=count), vjust=-1, size=3) + 

  labs(x = "Diagnosis at last follow-up") + 

  scale_y_continuous(expand=c(0,95)) + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 
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        panel.grid.major = element_blank(), 

        axis.title.x=element_text(vjust= -3), 

        axis.title.y=element_blank(), 

        legend.position = "none", 

        plot.margin=unit(c(0.5, 0, 0.75, 0.75),"cm")) 

 

#plot both graphs in one figure 

p_diagnosis <-  

ggpubr::ggarrange( 

  p_diagnosis_base,  

  p_diagnosis_last, 

  ncol = 2, 

  nrow = 1) + 

  theme(plot.margin=unit(c(1, 0.75, 0.50, 0.75),"cm")) 

#add title to figure 

ggpubr::annotate_figure( 

  p_diagnosis, 

  top = text_grob("Diagnosis groups at baseline and last follow-up year", face = 

"bold", size = 20, vjust = 2.25)) 

3.6 Plot patient and diagnosis in each follow-up year 

#plotting 9 follow-up years filled with diagnosis 

dflong %>% 

  dplyr::group_by(fu_year, diagnosis) %>% 

  dplyr::summarise(count = n_distinct(pid)) %>% 

  dplyr::mutate(diagnosis = ifelse(is.na(diagnosis), 999, diagnosis)) %>% 

  dplyr::mutate(diagnosis=as.factor(diagnosis)) %>% 

  dplyr::ungroup() %>% 

  #start plot 

  ggplot(aes(x=fu_year, y=count, fill=diagnosis)) + 

  geom_bar(stat="identity") + 

  labs(y= "Patient count", x = "Follow-up year") + 

  scale_fill_manual("Diagnosis",  

                    values = c("1" = "#a0dc91", 

                               "2" = "#f7d695", 

                               "3" = "#f7a595", 

                               "4" = "#95b7f7", 

                               "999" = "#a6a6a6"),  

                    labels=c('CN', "MCI", 'AD', 'OD', "NA")) + 

  scale_x_continuous(limits = c(-1,10), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(expand=c(0,250)) + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "top", 

        axis.title.x=element_text(vjust= -2.5), 

        axis.title.y=element_text(vjust= +2.5), 

        plot.margin=unit(c(1, 1, 1, 1),"cm")) 

3.7 Preparing the data for MMSE trajectory plotting 

#select all cases that are CN = 0 

p_mmse_0 <-  

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) %>% 

  dplyr::select(pid, fu_year, diagnosis) %>% 

  dplyr::filter(diagnosis == 0) %>% 

  dplyr::distinct(pid) %>% 

  dplyr::ungroup() %>% 
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  dplyr::left_join(dflong, by='pid', multiple='all') 

   

p_mmse_0_mean <-  

  p_mmse_0 %>%  

  dplyr::group_by(fu_year) %>%  

  dplyr::summarise(mmse = mean(mmse, na.rm=TRUE)) 

 

#select all cases that have MCI = 1 

p_mmse_1 <-  

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) %>% 

  dplyr::select(pid, fu_year, diagnosis) %>% 

  dplyr::filter(diagnosis == 1) %>% 

  dplyr::distinct(pid) %>% 

  dplyr::ungroup() %>% 

  dplyr::left_join(dflong, by='pid', multiple='all') 

 

p_mmse_1_mean <- 

  p_mmse_1 %>%  

  dplyr::group_by(fu_year) %>%  

  dplyr::summarise(mmse = mean(mmse, na.rm=TRUE)) 

 

#select all cases that have AD = 2 

p_mmse_2 <-  

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) %>% 

  dplyr::select(pid, fu_year, diagnosis) %>% 

  dplyr::filter(diagnosis == 2) %>% 

  dplyr::distinct(pid) %>% 

  dplyr::ungroup() %>% 

  dplyr::left_join(dflong, by='pid', multiple='all') 

 

p_mmse_2_mean <-  

  p_mmse_2 %>%  

  dplyr::group_by(fu_year) %>%  

  dplyr::summarise(mmse = mean(mmse, na.rm=TRUE)) 

 

#select all cases that have other dementia (OD) = 3 

p_mmse_3 <-  

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) %>% 

  dplyr::select(pid, fu_year, diagnosis) %>% 

  dplyr::filter(diagnosis == 3) %>% 

  dplyr::distinct(pid) %>% 

  dplyr::ungroup() %>% 

  dplyr::left_join(dflong, by='pid', multiple='all') 

 

p_mmse_3_mean <-  

  p_mmse_3 %>%  

  dplyr::group_by(fu_year) %>%  

  dplyr::summarise(mmse = mean(mmse, na.rm=TRUE)) 

3.8 Plot MMSE trajectories all diagnosis 

#make plot of all cases with mean 

ggplot() + 

  geom_line(data = p_mmse_2, aes(x = fu_year, y = mmse, group=pid), color="#f7a59

5", alpha=0.6) + 

  geom_line(data = p_mmse_0, aes(x = fu_year, y = mmse, group=pid), color="#a0dc9

1", alpha=0.6) + 

  geom_line(data = p_mmse_1, aes(x = fu_year, y = mmse, group=pid), color="#f7d69

5", alpha=0.6) + 
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  geom_line(data = p_mmse_3, aes(x = fu_year, y = mmse, group=pid), color="#95b7f

7", alpha=0.6) + 

  geom_line(data = p_mmse_0_mean, aes(x = fu_year, y = mmse), color = "#41b823", 

size = 1.5) + 

  annotate("text", x = 9.4, y = 28.3, label = paste("CN"), color="#41b823", size=

8, fontface="bold") + 

  geom_line(data = p_mmse_1_mean, aes(x = fu_year, y = mmse), color = "#eead2b", 

size = 1.5) + 

  annotate("text", x = 9.4, y = 25.8, label = paste("MCI"), color="#eead2b", size

=8, fontface="bold") + 

  geom_line(data = p_mmse_2_mean, aes(x = fu_year, y = mmse), color = "#ee4b2b", 

size = 1.5) + 

  annotate("text", x = 9.4, y = 14.4, label = paste("AD"), color="#ee4b2b", size=

8, fontface="bold") + 

  geom_line(data = p_mmse_3_mean, aes(x = fu_year, y = mmse), color = "#2b6fee", 

size = 1.5) + 

  annotate("text", x = 9.4, y = 21.5, label = paste("OD"), color="#2b6fee", size=

8, fontface="bold") + 

  ggtitle("MMSE patient trajectories for all diagnosis groups") + 

  scale_x_continuous(limits = c(0,9.5), breaks = seq(0,9.5, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  labs(y= "MMSE", x = "Time (years)") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        axis.title.x=element_text(vjust= -2.5), 

        axis.title.y=element_text(vjust= +2.5), 

        plot.title=element_text(vjust=2.25, size = 20, face='bold', hjust = 0.5), 

        plot.margin=unit(c(1, 1, 1, 1),"cm")) 

3.9 Plot MMSE trajectories per diagnosis 

#plot CN 

p_deline_cn <-  

  ggplot() + 

  geom_line(data = p_mmse_0, aes(x = fu_year, y = mmse, group=pid), color="#a0dc9

1", alpha=0.6) + 

  geom_line(data = p_mmse_0_mean, aes(x = fu_year, y = mmse), color = "#41b823", 

size = 1.5) + 

  annotate("text", x = 0.5, y = 2, label = paste("CN"), color="#41b823", size=8, 

fontface="bold") + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        axis.title.x=element_blank(), 

        axis.title.y=element_blank()) 

 

#plot MCI 

p_deline_mci <-  

  ggplot() + 

  geom_line(data = p_mmse_1, aes(x = fu_year, y = mmse, group=pid), color="#f7d69

5", alpha=0.6) + 

  geom_line(data = p_mmse_1_mean, aes(x = fu_year, y = mmse), color = "#eead2b", 

size = 1.5) + 

  annotate("text", x = 0.65, y = 2, label = paste("MCI"), color="#eead2b", size=8

, fontface="bold") + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 
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  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        axis.title.x=element_blank(), 

        axis.title.y=element_blank()) 

 

#plot AD 

p_deline_ad <-  

  ggplot() + 

  geom_line(data = p_mmse_2, aes(x = fu_year, y = mmse, group=pid), color="#f7a59

5", alpha=0.6) + 

  geom_line(data = p_mmse_2_mean, aes(x = fu_year, y = mmse), color = "#ee4b2b", 

size = 1.5) + 

  annotate("text", x = 0.5, y = 2, label = paste("AD"), color="#ee4b2b", size=8, 

fontface="bold") + 

 scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        axis.title.x=element_blank(), 

        axis.title.y=element_blank()) 

 

#plot OD 

p_deline_od <- ggplot() + 

  geom_line(data = p_mmse_3, aes(x = fu_year, y = mmse, group=pid), color="#95b7f

7", alpha=0.6) + 

  geom_line(data = p_mmse_3_mean, aes(x = fu_year, y = mmse), color = "#2b6fee", 

size = 1.5) + 

  annotate("text", x = 0.5, y = 2, label = paste("OD"), color="#2b6fee", size=8, 

fontface="bold") + 

 scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        axis.title.x=element_blank(), 

        axis.title.y=element_blank()) 

 

#plot multiple plots in one figure 

p_decline <-  

ggpubr::ggarrange( 

  p_deline_cn,  

  p_deline_mci,  

  p_deline_ad,  

  p_deline_od, 

  ncol = 2,  

  nrow = 2) + 

  theme(plot.margin=unit(c(1.5, 1, 0.75, 0.75),"cm")) 

#adding title to figure 

ggpubr::annotate_figure( 

  p_decline, 

  top = text_grob("MMSE patient trajectories for each diagnosis group",face = "bo

ld", size = 20, vjust = 2.25), 

  left = text_grob("MMSE", size = 16, vjust = 1.75, rot = 90), 

  bottom = text_grob("Time (years)", size = 16, vjust = -0.75)) 

3.10 Exact trajectory values 
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#trajectory values for CN 

mmse_cn <- 

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) %>% 

  dplyr::select(pid, fu_year, diagnosis) %>% 

  dplyr::filter(diagnosis == 0) %>% 

  dplyr::distinct(pid) %>% 

  dplyr::ungroup() %>% 

  dplyr::left_join(dflong, by='pid', multiple='all') %>% 

  dplyr::group_by(fu_year) %>%  

  dplyr::summarise(mmse_cn = mean(mmse, na.rm=TRUE), count_cn = n_distinct(pid)) 

   

#trajectory values for MCI 

mmse_mci <- 

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) %>% 

  dplyr::select(pid, fu_year, diagnosis) %>% 

  dplyr::filter(diagnosis == 1) %>% 

  dplyr::distinct(pid) %>% 

  dplyr::ungroup() %>% 

  dplyr::left_join(dflong, by='pid', multiple='all') %>% 

  group_by(fu_year) %>%  

  summarise(mmse_mci = mean(mmse, na.rm=TRUE), count_mci = n_distinct(pid)) 

 

#trajectory values for AD 

mmse_ad <- 

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) %>% 

  dplyr::select(pid, fu_year, diagnosis) %>% 

  dplyr::filter(diagnosis == 2) %>% 

  dplyr::distinct(pid) %>% 

  dplyr::ungroup() %>% 

  dplyr::left_join(dflong, by='pid', multiple='all') %>% 

  dplyr::group_by(fu_year) %>%  

  dplyr::summarise(mmse_ad = mean(mmse, na.rm=TRUE), count_ad = n_distinct(pid)) 

 

#trajectory values for AD 

mmse_od <- 

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) %>% 

  dplyr::select(pid, fu_year, diagnosis) %>% 

  dplyr::filter(diagnosis == 3) %>% 

  dplyr::distinct(pid) %>% 

  dplyr::ungroup() %>% 

  dplyr::left_join(dflong, by='pid', multiple='all') %>% 

  dplyr::group_by(fu_year) %>%  

  dplyr::summarise(mmse_od = mean(mmse, na.rm=TRUE), count_od = n_distinct(pid)) 

 

#apply all to one dataframe 

mmse_trajectories <- 

  mmse_cn %>% 

  dplyr::left_join(mmse_mci, by='fu_year') %>% 

  dplyr::left_join(mmse_ad, by='fu_year') %>% 

  dplyr::left_join(mmse_od, by='fu_year') 

 

#print mmse_trajectories 

print(mmse_trajectories) 

3.11 Plot CN diagnosis change trajectory 
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#plotting diagnosis change for CN 

cn_change <-   

dflong %>% 

  group_by(pid) %>% 

  #adding first and last diagnosis 

  dplyr::mutate(first = dplyr::first(diagnosis), last = dplyr::last(diagnosis)) %

>% 

  dplyr::filter(first == 0 & last %in% c(1,2,3)) %>% 

  #start plot 

  ggplot() + 

  geom_line(aes(x = fu_year, y = mmse, group=pid, color=diagnosis), size = 1, alp

ha = 0.5) + 

  geom_point(aes(x = fu_year, y = mmse, group=pid, color=diagnosis), size=2) + 

  annotate("text", x = 0.75, y = 1.5, label = paste("CN"), color="#41b823", size=

8, fontface="bold") + 

  scale_color_manual("Diagnosis", values = c("0" = "#41b823", "1" = "#eead2b", "2

" = "#ee4b2b", "3" = "#2b6fee"), na.value = "#a6a6a6") + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  labs(y= "MMSE", x = "Time (years)") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        axis.title.x=element_blank(), 

        axis.title.y=element_blank()) 

 

#plotting diagnosis change of MCI 

mci_change <- 

dflong %>% 

  dplyr::group_by(pid) %>% 

  #adding first and last diagnosis 

  dplyr::mutate(first = dplyr::first(diagnosis),last = dplyr::last(diagnosis)) %>

% 

  dplyr::filter(first == 1 & last %in% c(0,2,3)) %>% 

  #start plot 

  ggplot() + 

  geom_line(aes(x = fu_year, y = mmse, group=pid, color=diagnosis), size = 1, alp

ha = 0.5) + 

  geom_point(aes(x = fu_year, y = mmse, group=pid, color=diagnosis), size=2) + 

  annotate("text", x = 0.75, y = 1.5, label = paste("MCI"), color="#eead2b", size

=8, fontface="bold") + 

  scale_color_manual("Diagnosis", values = c("0" = "#41b823", "1" = "#eead2b", "2

" = "#ee4b2b", "3" = "#2b6fee"), na.value = "#a6a6a6") + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        axis.title.x=element_blank(), 

        axis.title.y=element_blank()) 

 

#plotting both in one figure 

cn_mci_change <-  

ggarrange(cn_change, mci_change, ncol = 2, nrow = 1) + 

  theme(plot.margin=unit(c(1.5, 1, 0.75, 0.75),"cm")) 

#adding title to plot 

annotate_figure(cn_mci_change, 

               top = text_grob("Change in diagnosis CN and MCI",face = "bold", si

ze = 20, vjust = 2.25), 

               left = text_grob("MMSE", size = 16, vjust = 1.75, rot = 90), 
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               bottom = text_grob("Time (years)", size = 16, vjust = -0.75)) 

3.12 Count CN diagnosis change trajectory 

#leaving CN diagnosis group 

count_diagnosis_change_cn <- 

dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::mutate(first = dplyr::first(diagnosis), last = dplyr::last(diagnosis)) %

>% 

  dplyr::filter(first == 0) %>% #& last %in% c(0,1,2,3))%>% 

  dplyr::filter(fu_year == min(fu_year, na.rm=TRUE)) %>% 

  dplyr::ungroup() %>% 

  dplyr::select(last) %>% 

  dplyr::rename(diagnosis_change_cn = last) %>% 

  table(useNA = "always") 

 

#print count_diagnosis_change_cn 

print(count_diagnosis_change_cn) 

3.13 Plot MCI diagnosis change trajectory 

#plotting diagnosis change of MCI to AD or OD 

  dflong %>% 

  group_by(pid) %>% 

  dplyr::mutate( 

        first = dplyr::first(diagnosis), 

        last = dplyr::last(diagnosis) 

    ) %>% 

  filter(first == 1 & last %in% c(2,3)) %>% 

  ggplot() + 

  geom_line(aes(x = fu_year, y = mmse, group=pid, color=diagnosis), size = 1.25, 

alpha = 0.6) + 

  geom_point(aes(x = fu_year, y = mmse, group=pid, color=diagnosis), size=3) + 

    scale_color_manual("Diagnosis", values = c("0" = "#41b823", "1" = "#eead2b", 

"2" = "#ee4b2b", "3" = "#2b6fee"), na.value = "#a6a6a6") + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  labs(y= "MMSE", x = "Time (years)") + 

  theme_bw(base_size = 22) + 

  theme_grey(base_size = 17.5) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        axis.title.x=element_text(vjust= -2.5), 

        axis.title.y=element_text(vjust= +2.5), 

        plot.margin=unit(c(1, 1, 1, 1),"cm")) 

3.14 Count MCI diagnosis change trajectory 

#leaving MCI diagnosis group 

count_diagnosis_change_mci <- 

dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::mutate(first = dplyr::first(diagnosis), last = dplyr::last(diagnosis)) %

>% 

  dplyr::filter(first == 1) %>% #& last %in% c(0,1,2,3))%>% 

  dplyr::filter(fu_year == min(fu_year, na.rm=TRUE)) %>% 
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  dplyr::ungroup() %>% 

  dplyr::select(last) %>% 

  dplyr::rename(diagnosis_change_mci = last) %>% 

  table(useNA = "always") 

 

#print count_diagnosis_change_cn 

print(count_diagnosis_change_mci) 

4. Predictive analysis 

4.1 K-Means with KmL 

• Preparing data for clustering with KmL 

#selecting columns 

kml_data <- 

  dflong %>% 

  dplyr::select(pid, fu_year, mmse) %>% 

  dplyr::mutate(mmse = as.integer(mmse)) 

 

#reshape from long to wide for mmse 

kml_data_wide <- reshape::cast(kml_data, pid ~ fu_year) 

4.2 K-clustering MMSE trajectories with kml 

 

#preparing kml 

kml_mmse <-  

  kml::cld(kml_data_wide,  

           #columns of time data 

           timeInData=2:11, 

           #time, 0 to 9 years (total 10 years) 

           time=0:9, 

           #with max NA 6, in 10 years 

           maxNA = 6) 

 

#building "optimal" clusteration (with 20 redrawing) 

kml::kml(kml_mmse, 

         nbRedrawing=20, 

         toPlot="both") 

 
4.3 Plot most appropriate clusters size 

#check the best's cluster numbers 

plotAllCriterion(kml_mmse) 

4.4 See best cluster 

#to see the best partition 

try(kml::choice(kml_mmse)) 

4.5 Plot custom cluster with trajectories, means and quality criteria 

#number of clusters chosen: 4 
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plot(kml_mmse,4,parTraj=parTRAJ(col="clusters")) 

4.6 PLot custom cluster with only trajectories 

#number of clusters chosen: 4 

kml::plotTraj(kml_mmse,4) 

4.7 PLot custom cluster with only means 

#number of clusters chosen: 4 

kml::plotMeans(kml_mmse,4) 

4.8 Apply clusters to dataset 

#apply clusters to pid for joins later on 

kml_outcome <-  

  dfbasic %>%  

  dplyr::select(pid) %>% 

  dplyr::mutate(clust = kml::getClusters(kml_mmse,4)) 

4.9 K-Means: descriptive analysis 

• Histogram of each cluster A to D (including NA) 

#look at clusters and size 

kml_outcome %>% 

  dplyr::group_by(clust) %>% 

  dplyr::summarise(count=n_distinct(pid)) %>% 

  dplyr::ungroup() %>% 

  #start plot 

  ggplot(aes(x= clust, y=count, fill=clust)) + 

  geom_bar(stat="identity") + 

  scale_fill_manual("Cluster", values = c("A" = "#FF0000", "B" = "#80FF01", "C" = 

"#02FFFF", "D" = "#6805F2"), na.value = "#a6a6a6") + 

  scale_y_continuous(expand=c(0,75)) + 

  geom_text(aes(label=count), vjust=-1, size=4) + 

  labs(y= "Patient count", x = "Cluster") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        axis.title.x=element_text(vjust= -2.5), 

        axis.title.y=element_text(vjust= +2.5), 

        plot.margin=unit(c(1, 1, 1, 1),"cm")) 

4.10 Summary descriptive clusters (non-longitudinal) 

#joined clusters with dfbasic 

dfbasic_clusters_data <- 

  dfbasic %>%  

  dplyr::left_join(kml_outcome, by='pid') 
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dt_dfbasic_clusters <-  

  compareGroups::compareGroups( clust ~ . - pid, 

                 data = dfbasic_clusters_data, 

                 alpha = 0.05, 

                 include.miss = FALSE) %>% 

  compareGroups::createTable(hide.no="no") 

 

#export table as Rmarkdown 

compareGroups::export2md(dt_dfbasic_clusters, strip=TRUE, first.strip=TRUE) 

 

#export to Word 

#export2word(dt_dfbasic_clusters_tab, file = tempfile(fileext=".docx"), strip=TRU

E, first.strip=TRUE, size = 11) 

4.11 Summary descriptive clusters (longitudinal at baseline) 

#joined clusters with dflong baseline  

dflong_clusters_data_bl <- 

  dflong %>%  

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == min(fu_year, na.rm=TRUE)) %>% 

  dplyr::left_join(kml_outcome, by='pid', multiple = "all") 

 

dt_dflong_clusters_bl <-  

  compareGroups::compareGroups(clust ~ . - pid,  

                data= dflong_clusters_data_bl, 

                alpha = 0.05, 

                include.miss = FALSE) %>% 

  compareGroups::createTable(hide.no="no") 

 

compareGroups::export2md(dt_dflong_clusters_bl, strip=TRUE, first.strip=TRUE) 

 

#export2word(dt_dflong_clusters_tab_bl, file = tempfile(fileext=".docx"), strip=T

RUE, first.strip=TRUE, size = 11) 

4.12 Summary descriptive clusters (longitudinal at last follow-up) 

#joined clusters with dflong baseline  

dflong_clusters_data_lf <- 

  dflong %>% 

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) %>% 

  dplyr::left_join(kml_outcome, by='pid', multiple = "all") 

 

dt_dflong_clusters_lf <-  

  compareGroups::compareGroups(clust ~ . - pid,  

                data= dflong_clusters_data_lf, 

                alpha = 0.05, 

                include.miss = FALSE) %>% 

  compareGroups::createTable(hide.no="no") 

 

compareGroups::export2md(dt_dflong_clusters_lf, strip=TRUE, first.strip=TRUE) 

 

#export2word(dt_dflong_clusters_tab_lf, file = tempfile(fileext=".docx"), strip=T

RUE, first.strip=TRUE, size = 11) 

4.13 Extract only AD patients in clusters B, C, D 

#extract pid for patient with AD diagnosis at last follow-up group  
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pid_cluster_ad_lfu <- 

  dflong %>%  

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) %>% 

  dplyr::left_join(kml_outcome, by='pid', multiple = "all") %>% 

  dplyr::filter(clust != "A") %>% 

  dplyr::filter(diagnosis == "2") %>% 

  dplyr::distinct(pid) 

4.14 Plot trajectories of AD patients in clusters B, C, D 

#calculate mean cluster B 

plot_clust_b_ad_mean <-   

  pid_cluster_ad_lfu %>% 

  dplyr::left_join(dflong, by='pid', multiple = "all") %>% 

  dplyr::select(everything(dflong)) %>% 

  dplyr::left_join(kml_outcome, by='pid', multiple = "all") %>% 

  dplyr::filter(clust == 'B') %>% 

  dplyr::group_by(fu_year) %>%  

  dplyr::summarise(mean = mean(mmse, na.rm = TRUE)) 

 

#prepare data for cluster B 

plot_clust_b_data <- 

  pid_cluster_ad_lfu %>% 

  dplyr::left_join(dflong, by='pid', multiple = "all") %>% 

  dplyr::select(everything(dflong)) %>% 

  dplyr::left_join(kml_outcome, by='pid', multiple = "all") %>% 

  dplyr::filter(clust == 'B') 

 

#make plot for cluster B 

plot_clust_b_ad <- 

  ggplot() + 

  ggtitle("Patient trajectory AD (cluster B)") + 

  geom_line(data = plot_clust_b_data, aes(x = fu_year, y = mmse, group=pid), alph

a=0.6) + 

  geom_line(data = plot_clust_b_ad_mean, aes(x = fu_year, y = mean), size=2) + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  labs(y= "MMSE", x = "Time (years)") + 

  theme_grey(base_size = 20) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.title = element_text(hjust = 0.5, face = "bold", vjust=3), 

        axis.title.x=element_text(vjust= -3), 

        axis.title.y=element_text(vjust= +2), 

        plot.margin=unit(c(0.5, 0.5, 0.75, 0.5),"cm")) 

 

#calculate mean of cluster C 

plot_clust_c_ad_mean <-   

  pid_cluster_ad_lfu %>% 

  dplyr::left_join(dflong, by='pid', multiple = "all") %>% 

  dplyr::select(everything(dflong)) %>% 

  dplyr::left_join(kml_outcome, by='pid', multiple = "all") %>% 

  dplyr::filter(clust == 'C') %>% 

  dplyr::group_by(fu_year) %>%  

  dplyr::summarise(mean = mean(mmse, na.rm = TRUE)) 

 

#prepare data for cluster C 

plot_clust_c_data <- 

  pid_cluster_ad_lfu %>% 

  dplyr::left_join(dflong, by='pid', multiple = "all") %>% 

  dplyr::select(everything(dflong)) %>% 

  dplyr::left_join(kml_outcome, by='pid', multiple = "all") %>% 
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  dplyr::filter(clust == 'C') 

 

#make plot for cluster C 

plot_clust_c_ad <- 

  ggplot() + 

  ggtitle("Patient trajectory AD (cluster C)") + 

  geom_line(data = plot_clust_c_data, aes(x = fu_year, y = mmse, group=pid), alph

a=0.6) + 

  geom_line(data = plot_clust_c_ad_mean, aes(x = fu_year, y = mean), size=2) + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  labs(y= "MMSE", x = "Time (years)") + 

  theme_grey(base_size = 20) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.title = element_text(hjust = 0.5, face = "bold", vjust=3), 

        axis.title.x=element_text(vjust= -3), 

        axis.title.y=element_text(vjust= +2), 

        plot.margin=unit(c(0.5, 0.5, 0.75, 0.5),"cm")) 

 

#calculate mean of cluster D 

plot_clust_d_ad_mean <-   

  pid_cluster_ad_lfu %>% 

  dplyr::left_join(dflong, by='pid', multiple = "all") %>% 

  dplyr::select(everything(dflong)) %>% 

  dplyr::left_join(kml_outcome, by='pid', multiple = "all") %>% 

  dplyr::filter(clust == 'D') %>% 

  dplyr::group_by(fu_year) %>%  

  dplyr::summarise(mean = mean(mmse, na.rm = TRUE)) 

 

#prepare data for cluster D 

plot_clust_d_data <- 

  pid_cluster_ad_lfu %>% 

  dplyr::left_join(dflong, by='pid', multiple = "all") %>% 

  dplyr::select(everything(dflong)) %>% 

  dplyr::left_join(kml_outcome, by='pid', multiple = "all") %>% 

  dplyr::filter(clust == 'D') 

 

#make plot for cluster D 

plot_clust_d_ad <- 

  ggplot() + 

  ggtitle("Patient trajectory AD (cluster D)") + 

  geom_line(data = plot_clust_d_data, aes(x = fu_year, y = mmse, group=pid), alph

a=0.6) + 

  geom_line(data = plot_clust_d_ad_mean, aes(x = fu_year, y = mean), size=2) + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  labs(y= "MMSE", x = "Time (years)") + 

  theme_grey(base_size = 20) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.title = element_text(hjust = 0.5, face = "bold", vjust=3), 

        axis.title.x=element_text(vjust= -3), 

        axis.title.y=element_text(vjust= +2), 

        plot.margin=unit(c(0.5, 0.5, 0.75, 0.5),"cm")) 

 

#make plot figure for the three clusters 

ggpubr::ggarrange(plot_clust_b_ad,  

          plot_clust_c_ad,  

          plot_clust_d_ad,  

          ncol = 3,  

          nrow = 1) +  

  ggplot2::theme(plot.margin=unit(c(2, 0.5, 0.5, 0.5),"cm")) 
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4.15 AD: Summary descriptive clusters (non-longitudinal) 

#joined clusters with dfbasic 

dfbasic_clusters_data_ad <- 

  dfbasic %>%  

  dplyr::left_join(kml_outcome, by='pid') %>% 

  dplyr::right_join(pid_cluster_ad_lfu, by='pid') 

 

dt_dfbasic_clusters_ad <-  

  compareGroups::compareGroups( clust ~ . - pid, 

                 data = dfbasic_clusters_data_ad, 

                 alpha = 0.05, 

                 include.miss = FALSE) %>% 

  compareGroups::createTable(hide.no="no") 

 

#export table as Rmarkdown 

compareGroups::export2md(dt_dfbasic_clusters_ad, strip=TRUE, first.strip=TRUE) 

 

#export to Word 

#export2word(dt_dfbasic_clusters_tab, file = tempfile(fileext=".docx"), strip=TRU

E, first.strip=TRUE, size = 11) 

4.16 AD: Summary descriptive clusters (longitudinal at baseline) 

#joined clusters with dflong baseline  

dflong_clusters_data_bl_ad <- 

  dflong %>%  

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == max(fu_year, na.rm=TRUE)) %>% 

  dplyr::left_join(kml_outcome, by='pid') %>% 

  right_join(pid_cluster_ad_lfu, by='pid') 

 

dt_dflong_clusters_bl_ad <-  

  compareGroups::compareGroups(clust ~ . - pid,  

                data= dflong_clusters_data_bl_ad, 

                alpha = 0.05, 

                include.miss = FALSE) %>% 

  compareGroups::createTable(hide.no="no") 

 

compareGroups::export2md(dt_dflong_clusters_bl_ad, strip=TRUE, first.strip=TRUE) 

 

#export2word(dt_dflong_clusters_tab_bl, file = tempfile(fileext=".docx"), strip=T

RUE, first.strip=TRUE, size = 11) 

4.17 AD: Summary descriptive clusters (longitudinal at last follow-up) 

#joined clusters with dflong baseline  

dflong_clusters_data_bl_ad <- 

  dflong %>%  

  dplyr::group_by(pid) %>% 

  dplyr::filter(fu_year == min(fu_year, na.rm=TRUE)) %>% 

  dplyr::left_join(kml_outcome, by='pid') %>% 

  right_join(pid_cluster_ad_lfu, by='pid') 

 

dt_dflong_clusters_bl_ad <-  

  compareGroups::compareGroups(clust ~ . - pid,  

                data= dflong_clusters_data_bl_ad, 

                alpha = 0.05, 

                include.miss = FALSE) %>% 

  compareGroups::createTable(hide.no="no") 
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compareGroups::export2md(dt_dflong_clusters_bl_ad, strip=TRUE, first.strip=TRUE) 

 

#export2word(dt_dflong_clusters_tab_bl, file = tempfile(fileext=".docx"), strip=T

RUE, first.strip=TRUE, size = 11) 

4.18 Decision Trees with RPART 

• Selecting data for decision trees 

dt_data <-  

  dflong %>% 

  dplyr::filter(!is.na(mmse)) %>% 

  dplyr::left_join(dfbasic, by="pid") %>% 

  dplyr::add_count(pid, name = 'count_years') %>% 

  dplyr::filter(!count_years < 3) %>% 

  dplyr::select(-has_died, -age, -diagnosis) 

4.19 Splitting test and train data 

#setting seed for repeatability 

set.seed(7) 

 

#making test dataset 

dt_test <-  

  dt_data %>%  

  dplyr::group_by(pid) %>%  

  dplyr::slice_sample(n=2) 

 

#making train dataset 

dt_train <- 

  dt_data %>% 

  dplyr::anti_join(dt_test, by=c(pid = 'pid', fu_year = 'fu_year')) 

4.20 Running decision tree with RPART 

dt <-  

  rpart::rpart( 

    mmse ~ . -pid -fu_year -count_years, 

    #tested multiple CP, 0.004 was best in terms of trade-off between MAE and RMS

E and interpretability 

    cp = 0.004, 

    #tested multiple maxdepth, 5 was best in terms of trade-off between MAE and R

MSE and interpretability 

    maxdepth = 5, 

    minbucket = 4, 

    #methode = anova because of regression decision trees 

    method = "anova", 

    data = dt_train) 

4.21 Plotting the decision tree 

#set options for visualization 

options(repr.plot.width = 6, repr.plot.height = 6) 

 

#splitting var name and decision value 
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split_fun <-  

  function(x, labs, digits, varlen, faclen) 

    { 

        # replace commas with spaces (needed for strwrap) 

        labs <- gsub(",", " ", labs) 

        for(i in 1:length(labs)) { 

            # split labs[i] into multiple lines 

            labs[i] <- paste(strwrap(labs[i], width = 10), collapse = "\n") 

        } 

labs } 

 

#plotting the tree some additional options (bigger text, adding tree node etc.) 

rpart.plot::prp(dt, varlen=-20,  tweak = 1.5, split.fun = split_fun, nn=TRUE) 

4.22 Extracting the decision tree rules 

#extracting the decision tree rules (inclusing tree node id, and in tallw style) 

rpart.plot::rpart.rules(dt, 

            style = "tallw", 

            nn = TRUE) 

4.23 Decision tree variable importance 

vip::vip(dt) +  

  ggtitle("Decision Tree") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.title = element_text(hjust = 0.5, face = "bold"), 

        axis.title.x=element_text(vjust= -2), 

        plot.margin=unit(c(1, 0.40, 1, 0),"cm")) 

4.24 Details about tree 

rpart::printcp(dt) 

4.25 Plot relative error to size of tree 

rpart::plotcp(dt) 

4.26 Make predictions with tree on test and train dataset 

predict_dt_test <- predict(dt, dt_test) 

predict_dt_train <- predict(dt, dt_train) 

4.27 Decision tree performance 

#print performance of test dataset 

print( 
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  paste('Decision tree (TEST) MAE is', mae(dt_test$mmse, predict_dt_test),  

        '& Decision tree (TEST) RMSE is',rmse(dt_test$mmse, predict_dt_test) 

        )) 

 

#print performance of train dataset 

print( 

  paste('Decision tree (TRAIN) MAE is', mae(dt_train$mmse, predict_dt_train),  

        '& Decision tree (TRAIN) RMSE is',rmse(dt_train$mmse, predict_dt_train) 

        )) 

4.28 RandomForest with LongituRF 

• Selecting data for LongituRF 

#preparing dataset 

rf_data <-  

  dflong %>% 

  dplyr::filter(!is.na(mmse)) %>% 

  dplyr::left_join(dfbasic, by="pid") %>% 

  dplyr::add_count(pid, name = 'count_years') %>% 

  dplyr::filter(!count_years < 3) %>% 

  #removing features we do not want in the model 

  dplyr::select(-age, -diagnosis, -has_died) 

4.29 Splitting test and train data 

#setting seed for repeatability 

set.seed(7) 

 

#making test dataset for rf 

rf_test <-  

  rf_data %>%  

  dplyr::group_by(pid) %>%  

  dplyr::slice_sample(n=2) 

 

#making train dataset for rf 

rf_train <- 

  rf_data %>% 

  dplyr::anti_join(rf_test, by=c(pid = 'pid', fu_year = 'fu_year')) 

4.30 Transforming train dataset to appropriate format 

#selecting predictors 

x_train <-  

  rf_train %>% 

  dplyr::ungroup() %>% 

  dplyr::select( 

  #pid, fu_year and mmse are removed from x, because these are not features 

    -pid, 

    -fu_year, 

    -mmse, 

  )  

 

#transforming data to matrix as needed for LongituRF 

rf_list_train <-  

  list( 

    # predictors 

    X = x_train,  

    # outcome 
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    Y = as.numeric(pull(rf_train, mmse)),  

    # pid 

    id = as.integer(pull(rf_train, pid)),  

    # random effects (only using a random intercept) 

    Z = as.matrix(rep(1, nrow(rf_train))),  

    # follow-up years 

    time = as.numeric(pull(rf_train, fu_year))  

    ) 

4.31 LongituRF (S)REEMtree model 

#running (S)REEMtree model 

reemtree_model <- 

  LongituRF::REEMtree( 

    X = data.frame(rf_list_train$X), 

    Y = rf_list_train$Y, 

    id = rf_list_train$id, 

    Z = rf_list_train$Z, 

    time = rf_list_train$time, 

    #stochastic process "OrnUhl" performed the best 

    sto = 'OrnUhl' 

  ) 

4.32 LongituRF (S)MERT model 

#running (S)MERT model 

smert_model <-  

  LongituRF::MERT( 

  X = data.frame(rf_list_train$X), 

  Y = rf_list_train$Y, 

  id = rf_list_train$id, 

  Z = rf_list_train$Z, 

  time = rf_list_train$time, 

  #stochastic process "OrnUhl" performed the best 

  sto = 'OrnUhl' 

) 

4.33 REEMtree variable importance 

#variable importance for (S)REEMtree 

  dplyr::tibble( 

    variables = names(reemtree_model$forest$variable.importance),  

    importance = reemtree_model$forest$variable.importance) %>% 

  #start plot 

  ggplot() +  

  geom_col(aes(y = fct_reorder(variables, importance), x = importance), show.lege

nd = FALSE) + 

  labs(y = element_blank(), x = "Importance") + 

  ggtitle("(S)REEMtree") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.title = element_text(hjust = 0.5, face = "bold"), 

        axis.title.x=element_text(vjust= -2), 

        plot.margin=unit(c(1, 0.40, 1, 0),"cm")) 
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4.34 SMERT variable importance 

#variable importance for (S)MERT 

  dplyr::tibble( 

  variables = names(smert_model$forest$variable.importance),  

  importance = smert_model$forest$variable.importance) %>%  

  #start plot 

  ggplot() +  

  geom_col(aes(y = fct_reorder(variables, importance), x = importance), show.lege

nd = FALSE) +  

  labs(y = element_blank(), x = "Importance") + 

  ggtitle("(S)MERT") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.title = element_text(hjust = 0.5, face = "bold"), 

        axis.title.x=element_text(vjust= -2), 

        plot.margin=unit(c(1, 0.40, 1, 0),"cm")) 

4.35 Transforming test dataset to appropriate format 

#selecting predictors 

x_test <-  

  rf_test %>% 

  ungroup() %>% 

  select( 

    -pid, 

    -fu_year, 

    -mmse, 

  ) 

 

#transforming data to matrix as needed for LongituRF 

rf_list_test <-  

  list( 

    # predictors 

    X = x_test,  

    # outcome 

    Y = as.numeric(pull(rf_test, mmse)),  

    # pid 

    id = as.integer(pull(rf_test, pid)),  

    # random effects (only using a random intercept) 

    Z = as.matrix(rep(1, nrow(rf_test))),  

    # follow-up years 

    time = as.numeric(pull(rf_test, fu_year)) 

    ) 

4.36 Making predictions for (S)REEMtree and MERT on train dataset 

#making predictions for (S)REEMtree 

p_reemtree_train <-  

  predict(reemtree_model,  

          X=rf_list_train$X, 

          Z=rf_list_train$Z, 

          id=rf_list_train$id, 

          time=rf_list_train$time) 

 

#making predicitions for MERT 

p_mert_train <-  
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  predict(smert_model, 

        X=rf_list_train$X, 

        Z=rf_list_train$Z, 

        id=rf_list_train$id,  

        time=rf_list_train$time) 

4.37 Making predictions for (S)REEMtree and MERT on test dataset 

#making predictions for (S)REEMtree 

p_reemtree_test <-  

  predict(reemtree_model,  

          X=rf_list_test$X, 

          Z=rf_list_test$Z, 

          id=rf_list_test$id, 

          time=rf_list_test$time) 

 

#making predicitions for MERT 

p_mert_test <- 

  predict(smert_model,  

          X=rf_list_test$X, 

          Z=rf_list_test$Z, 

          id=rf_list_test$id, 

          time=rf_list_test$time) 

4.38 MAE and RMSE of train dataset 

#applying predicting to dataset 

rf_train$p_reemtree_train <- p_reemtree_train 

rf_train$p_mert_train <- p_mert_train 

 

#print MAE 

print(paste('Train MAE REEMtree',  mae(rf_train$mmse, rf_train$p_reemtree_train), 

            '& train MAE SMERT', mae(rf_train$mmse, rf_train$p_mert_train) 

            )) 

 

#print RMSE 

print(paste('Train RMSE REEMtree', rmse(rf_train$mmse, rf_train$p_reemtree_train)

, 

            '& train RMSE SMERT', rmse(rf_train$mmse, rf_train$p_mert_train) 

            )) 

4.39 MAE and RMSE of test dataset 

#applying predicting to dataset 

rf_test$p_reemtree_test <- p_reemtree_test 

rf_test$p_mert_test <- p_mert_test 

 

#print MAE 

print(paste('Test MAE REEMtree',  mae(rf_test$mmse, rf_test$p_reemtree_test),  

            '& Test MAE SMERT', mae(rf_test$mmse, rf_test$p_mert_test) 

            )) 

 

#print RMSE 

print(paste('RMSE for REEMtree is', rmse(rf_test$mmse, rf_test$p_reemtree_test), 

            '& RMSE for SMERT is', rmse(rf_test$mmse, rf_test$p_mert_test) 

            )) 

4.40 LongituRF: visualization 
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4.41 Preparing dataset for visualization 

#prepaire rf_train for join 

rf_train_join <- 

  rf_train %>% 

  dplyr::rename( 

    p_reemtree = p_reemtree_train, 

    p_mert = p_mert_train 

  ) 

 

#prepaire rf_test for join 

rf_test_join <- 

  rf_test %>% 

  dplyr::rename( 

    p_reemtree = p_reemtree_test, 

    p_mert = p_mert_test 

  ) 

 

#join datasets back together 

rf_joined <-  

  rf_train_join %>%  

  dplyr::union_all(rf_test_join) 

 

#setting seed to select same patients as in the test dataset 

set.seed(7) 

#adding a flag for these patients 

ly_flag <- 

  rf_data %>%  

  dplyr::group_by(pid) %>% 

  dplyr::slice_sample(n=2) %>% 

  dplyr::select(pid, fu_year) %>% 

  dplyr::mutate(ly_flag = 1) 

 

#join flag to data and KmL cluster 

rf_joined_final <- 

  rf_joined %>%  

  dplyr::left_join(ly_flag, by=c('pid', 'fu_year')) %>% 

  dplyr::mutate(ly_flag = ifelse(is.na(ly_flag), 0, ly_flag)) %>% 

  dplyr::left_join(kml_outcome, by='pid') 

 

#join diagnosis back to data 

rf_joined_final <- 

  rf_joined_final %>% 

  dplyr::left_join(dflong %>% select(pid, fu_year, diagnosis), by=c('pid', 'fu_ye

ar')) 

4.42 Visualization REEMtree prediction: test dataset (diagnosis) 

#prediction for diagnosis 0 

plot_preemtree_test_0 <- 

  rf_joined_final %>%  

  dplyr::filter(ly_flag == 1) %>% 

  dplyr::group_by(fu_year, diagnosis) %>%  

  dplyr::summarise(predicted_mean=mean(p_reemtree), actual_mean=mean(mmse)) %>% 

  dplyr::filter(!is.na(diagnosis)) %>% 

  dplyr::filter(diagnosis == 0) %>% 

  #start plot 

  ggplot() + 

  geom_line(aes(x = fu_year, y = actual_mean, color='actual', linetype='actual'), 

size = 1) + 

  geom_line(aes(x = fu_year, y = predicted_mean, color='prediction', linetype='pr

ediction'), size = 1) + 
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  scale_colour_manual(name ='', values=c('actual'='#a0dc91','prediction'='#41b823

'),  

                      labels = c('actual','prediction')) + 

  scale_linetype_manual(name='',values=c(actual="solid", prediction="dashed")) + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  annotate("text", x = 8.75, y = 2, label = paste("CN"), color="#41b823", size=8, 

fontface="bold") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.margin=unit(c(0.5, 0.5, 0.75, 0.5),"cm"), 

        axis.title.x=element_blank(), 

        axis.title.y=element_blank()) 

 

#prediction for diagnosis 1 

plot_preemtree_test_1 <-  

  rf_joined_final %>%  

  dplyr::filter(ly_flag == 1) %>% 

  dplyr::group_by(fu_year, diagnosis) %>%  

  dplyr::summarise(predicted_mean=mean(p_reemtree), actual_mean=mean(mmse)) %>% 

  dplyr::filter(!is.na(diagnosis)) %>% 

  filter(diagnosis == 1) %>% 

  #start plot 

  ggplot() + 

  geom_line(aes(x = fu_year, y = actual_mean, color='actual', linetype='actual'), 

size = 1) + 

  geom_line(aes(x = fu_year, y = predicted_mean, color='prediction', linetype='pr

ediction'), size = 1) + 

  scale_colour_manual(name ='', values=c('actual'='#f7d695','prediction'='#eead2b

'),  

                      labels = c('actual','prediction')) + 

  scale_linetype_manual(name='',values=c(actual="solid", prediction="dashed")) + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  annotate("text", x = 8.53, y = 2, label = paste("MCI"), color="#eead2b", size=8

, fontface="bold") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.margin=unit(c(0.5, 0.5, 0.75, 0.5),"cm"), 

        axis.title.x=element_blank(), 

        axis.title.y=element_blank()) 

 

#prediction for diagnosis 2 

plot_preemtree_test_2 <-  

  rf_joined_final %>%  

  dplyr::filter(ly_flag == 1) %>% 

  dplyr::group_by(fu_year, diagnosis) %>%  

  dplyr::summarise(predicted_mean=mean(p_reemtree), actual_mean=mean(mmse)) %>% 

  dplyr::filter(!is.na(diagnosis)) %>% 

  dplyr::filter(diagnosis == 2) %>% 

  #start plot 

  ggplot() + 

  geom_line(aes(x = fu_year, y = actual_mean, color='actual', linetype='actual'), 

size = 1) + 

  geom_line(aes(x = fu_year, y = predicted_mean, color='prediction', linetype='pr

ediction'), size = 1) + 

  scale_colour_manual(name ='', values=c('actual'='#f7a595','prediction'='#ee4b2b

'),  

                      labels = c('actual','prediction')) + 

  scale_linetype_manual(name='',values=c(actual="solid", prediction="dashed")) + 
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  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  annotate("text", x = 8.75, y = 2, label = paste("AD"), color="#ee4b2b", size=8, 

fontface="bold") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.margin=unit(c(0.5, 0.5, 0.75, 0.5),"cm"), 

        axis.title.x=element_blank(), 

        axis.title.y=element_blank()) 

 

#prediction for diagnosis 3 

plot_preemtree_test_3 <-  

  rf_joined_final %>%  

  dplyr::filter(ly_flag == 1) %>% 

  dplyr::group_by(fu_year, diagnosis) %>%  

  dplyr::summarise(predicted_mean=mean(p_reemtree), actual_mean=mean(mmse)) %>% 

  dplyr::filter(!is.na(diagnosis)) %>% 

  dplyr::filter(diagnosis == 3) %>% 

  #start plot 

  ggplot() + 

  geom_line(aes(x = fu_year, y = actual_mean, color='actual', linetype='actual'), 

size = 1) + 

  geom_line(aes(x = fu_year, y = predicted_mean, color='prediction', linetype='pr

ediction'), size = 1) + 

  scale_colour_manual(name ='', values=c('actual'='#95b7f7','prediction'='#2b6fee

'),  

                      labels = c('actual','prediction')) + 

  scale_linetype_manual(name='',values=c(actual="solid", prediction="dashed")) + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  annotate("text", x = 8.75, y = 2, label = paste("OD"), color="#2b6fee", size=8, 

fontface="bold") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.margin=unit(c(0.5, 0.5, 0.75, 0.5),"cm"), 

        axis.title.x=element_blank(), 

        axis.title.y=element_blank()) 

 

#plot all graphs 

plot_test_diagnosis <-  

  ggpubr::ggarrange(plot_preemtree_test_0,  

          plot_preemtree_test_1,  

          plot_preemtree_test_2,  

          plot_preemtree_test_3, 

          ncol = 2,  

          nrow = 2) + 

  ggplot2::theme(plot.margin=unit(c(1.5, 1, 0.5, 0.5),"cm")) 

 

#adding title and text to figure 

ggpubr::annotate_figure(plot_test_diagnosis, 

               top = text_grob("(S)REEMtree predicted MMSE vs actual MMSE (diagno

sis)",face = "bold", size = 20, vjust = 2.25), 

               left = text_grob("MMSE", size = 16, vjust = 3, rot = 90), 

               bottom = text_grob("Time (years)", size = 16, vjust = -2)) 

4.43 Visualization of REEMtree prediction for test dataset (KmL cluster) 
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#prediction for diagnosis 0 

plot_preemtree_test_a <-  

  rf_joined_final %>%  

  dplyr::filter(ly_flag == 1) %>% 

  dplyr::group_by(fu_year, clust) %>%  

  dplyr::summarise(predicted_mean=mean(p_reemtree), actual_mean=mean(mmse)) %>% 

  dplyr::filter(!is.na(clust)) %>% 

  dplyr::filter(clust == "A") %>% 

  #start plot 

  ggplot() + 

  geom_line(aes(x = fu_year, y = actual_mean, color='actual', linetype='actual'), 

size = 1) + 

  geom_line(aes(x = fu_year, y = predicted_mean, color='prediction', linetype='pr

ediction'), size = 1) + 

  scale_colour_manual(name ='', values=c('actual'='#fc897e','prediction'='#FF0000

'),  

                      labels = c('actual','prediction')) + 

  scale_linetype_manual(name='',values=c(actual="solid", prediction="dashed")) + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  labs(y= " ", x = " ") + 

  annotate("text", x = 8.75, y = 2, label = paste("A"), color="#FF0000", size=8, 

fontface="bold") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.margin=unit(c(0.5, 0.5, 0.75, 0.5),"cm")) 

 

#prediction for diagnosis 1 

plot_preemtree_test_b <-  

  rf_joined_final %>%  

  dplyr::filter(ly_flag == 1) %>% 

  dplyr::group_by(fu_year, clust) %>%  

  dplyr::summarise(predicted_mean=mean(p_reemtree), actual_mean=mean(mmse)) %>% 

  dplyr::filter(!is.na(clust)) %>% 

  dplyr::filter(clust == "B") %>% 

  #start plot 

  ggplot() + 

  geom_line(aes(x = fu_year, y = actual_mean, color='actual', linetype='actual'), 

size = 1) + 

  geom_line(aes(x = fu_year, y = predicted_mean, color='prediction', linetype='pr

ediction'), size = 1) + 

  scale_colour_manual(name ='', values=c('actual'='#cafc7e','prediction'='#80FF01

'),  

                      labels = c('actual','prediction')) + 

  scale_linetype_manual(name='',values=c(actual="solid", prediction="dashed")) + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  labs(y= " ", x = " ") + 

  annotate("text", x = 8.53, y = 2, label = paste("B"), color="#80FF01", size=8, 

fontface="bold") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.margin=unit(c(0.5, 0.5, 0.75, 0.5),"cm")) 

 

#prediction for diagnosis 2 

plot_preemtree_test_c <-  

  rf_joined_final %>%  

  dplyr::filter(ly_flag == 1) %>% 

  dplyr::group_by(fu_year, clust) %>%  
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  dplyr::summarise(predicted_mean=mean(p_reemtree), actual_mean=mean(mmse)) %>% 

  dplyr::filter(!is.na(clust)) %>% 

  dplyr::filter(clust == "C") %>% 

  #start plot 

  ggplot() + 

  geom_line(aes(x = fu_year, y = actual_mean, color='actual', linetype='actual'), 

size = 1) + 

  geom_line(aes(x = fu_year, y = predicted_mean, color='prediction', linetype='pr

ediction'), size = 1) + 

  scale_colour_manual(name ='', values=c('actual'='#7efcf0','prediction'='#02FFFF

'),  

                      labels = c('actual','prediction')) + 

  scale_linetype_manual(name='',values=c(actual="solid", prediction="dashed")) + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  labs(y= " ", x = " ") + 

  annotate("text", x = 8.75, y = 2, label = paste("C"), color="#02FFFF", size=8, 

fontface="bold") + 

  theme_grey(base_size = 17.5) + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.margin=unit(c(0.5, 0.5, 0.75, 0.5),"cm")) 

 

#prediction for diagnosis 3 

plot_preemtree_test_d <-  

  rf_joined_final %>%  

  dplyr::filter(ly_flag == 1) %>% 

  dplyr::group_by(fu_year, clust) %>%  

  dplyr::summarise(predicted_mean=mean(p_reemtree), actual_mean=mean(mmse)) %>% 

  dplyr::filter(!is.na(clust)) %>% 

  dplyr::filter(clust == "D") %>% 

  #start plot 

  ggplot() + 

  geom_line(aes(x = fu_year, y = actual_mean, color='actual', linetype='actual'), 

size = 1) + 

  geom_line(aes(x = fu_year, y = predicted_mean, color='prediction', linetype='pr

ediction'), size = 1) + 

  scale_colour_manual(name ='', values=c('actual'='#ae9af8','prediction'='#6805F2

'),  

                      labels = c('actual','prediction')) + 

  scale_linetype_manual(name='',values=c(actual="solid", prediction="dashed")) + 

  scale_x_continuous(limits = c(0,9), breaks = seq(0,9, by=1)) + 

  scale_y_continuous(limits = c(0,30), breaks = seq(0,30, by=5)) + 

  labs(y= " ", x = " ") + 

  annotate("text", x = 8.75, y = 2, label = paste("D"), color="#6805F2", size=8, 

fontface="bold") + 

  theme_grey(base_size = 15) + 

  theme(plot.background = element_blank(), 

        legend.key.size=unit(2,"lines"), 

        panel.grid.minor = element_blank(), 

        panel.grid.major = element_blank(), 

        legend.position = "none", 

        plot.margin=unit(c(0.5, 0.5, 0.75, 0.5),"cm")) 

 

#plot all graphs 

plot_test_cluster <- 

  ggpubr::ggarrange(plot_preemtree_test_a, 

          plot_preemtree_test_b, 

          plot_preemtree_test_c, 

          plot_preemtree_test_d, 

          ncol = 2, nrow = 2) + 

  ggplot2::theme(plot.margin=unit(c(1.5, 1, 0.5, 0.5),"cm")) 

 

#adding title and text to figure 
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ggpubr::annotate_figure(plot_test_cluster, 

               top = text_grob("(S)REEMtree: predicted MMSE vs actual MMSE (clust

er)",face = "bold", size = 20, vjust = 2.25), 

               left = text_grob("MMSE", size = 16, vjust = 3, rot = 90), 

               bottom = text_grob("Time (years)", size = 16, vjust = -2)) 
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J. List of abbreviations 

 

AD Alzheimer's Disease 

BMI Body Mass Index 

CN Cognitively Normal 

GMB Group Model Building 

MAP Memory and Aging Project 

MCI Mild Cognitive Impairment 

MEA Mean Average Error 

ML Machine Learning 

MMSE Mini-Mental State Examination 

OD Other Dementia 

RADC Rush Alzheimer's Disease Center 

RMSE Root Mean Squared Error 

SD System Dynamics 
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