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individuals, which aims to address the drawbacks 
in the bone age assessment research, investigating 
new age assessment methods. The prognosis re-
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which aims to investigate prognostic estimates for 
older individuals who came to develop the demen-
tia disorder, in a time frame of 10 years. Machine 
learning applications were shown to be useful in 
both research contexts.

In the diagnosis research context, study I sum-
marized the state of the art evidence in the area 
of bone age assessment with the use of machine 
learning, identifying both automated and non-au-
tomated approaches for age assessment. Study II 
investigated a non-automated approach based on 

the radiologists’ assessment and study III inves-
tigated an automated approach based on deep 
learning. Both studies used magnetic resonance 
imaging. The results showed that the radiologists’ 
assessment as input was not precise enough for 
the estimation of age. However, the deep learning 
method was able to extract more useful features 
from the images and provided better diagnostic 
performance for the age assessment.

In the research context of prognosis, study IV con-
ducted a review on the relevant evidence in on 
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ABSTRACT 

Healthcare is an important and high cost sector that involves many decision-making 
tasks based on the analysis of data, from its primary activities up till management 
itself. A technology that can be useful in an environment as data-intensive as 
healthcare is machine learning. This thesis investigates the application of machine 
learning in healthcare contexts as an applied health technology (AHT). AHT refers 
to application of scientific methods for the development of interventions targeting 
practical problems related to health and healthcare.  

The two research contexts in this thesis regard two pivotal activities in the healthcare 
systems: diagnosis and prognosis. The diagnosis research context regards the age 
assessment of the young individuals, which aims to address the drawbacks in the bone 
age assessment research, investigating new age assessment methods. The prognosis 
research context regards the prognosis of dementia, which aims to investigate 
prognostic estimates for older individuals who came to develop the dementia 
disorder, in a time frame of 10 years. Machine learning applications were shown to 
be useful in both research contexts.  

In the diagnosis research context, study I summarized the state of the art evidence in 
the area of bone age assessment with the use of machine learning, identifying both 
automated and non-automated approaches for age assessment. Study II investigated 
a non-automated approach based on the radiologists' assessment and study III 
investigated an automated approach based on deep learning. Both studies used 
magnetic resonance imaging. The results showed that the radiologists' assessment as 
input was not precise enough for the estimation of age. However, the deep learning 
method was able to extract more useful features from the images and provided better 
diagnostic performance for the age assessment. 

In the research context of prognosis, study IV conducted a review on the relevant 
evidence in on the prognosis of dementia with machine learning techniques, 
identifying a focus on the research on neuroimaging studies dedicated to validating 
biomarkers for pharmaceutical research. Study V proposed a multifactorial decision 
tree approach for the prognosis of dementia in older individuals as to their 
development or not of dementia in 10 years. Achieving consistent performance 
results, it provided an interpretable prognostic model identifying possible modifiable 
and non-modifiable risk factors and possible patient subgroups of importance for the 
dementia research. 
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1 INTRODUCTION 

Health research is beneficial to society as it can lead to important discoveries such as 
new treatments, tests, vaccines, prevention strategies and other general improvements 
that affect healthcare and its delivery to the general population. The information 
technology breakthrough into the health sciences was a significant advance in this 
field as it allowed clinically rich information to be available in a structured format 
allowing the development of information-based research in this area [1]. This type of 
research can be faster and cheaper in its execution, while allowing the analysis of big 
portions of data to identify unexpected scenarios, patterns in subgroups of subjects 
that would typically not be included in controlled experiments, work with complex 
illnesses which not much is known about it [1]. 

Modern healthcare experiences an expansion of health data in terms of volume, 
variety and availability, which reflects on the research's methodologies that demand 
more robust statistical techniques in order to make the most of this health data [2,3]. 
One instance of such robust techniques is machine learning [3]. Machine learning has 
been applied in the healthcare scenario for decades, in diverse areas such as cancer, 
diabetes and genomics research [4–6]. In more recent events, machine learning is 
being employed in one of the most severe public health crises in the last years,  the 
outbreak of the new Coronavirus Disease 2019 (COVID-19). Machine learning 
helped scientists in the classification of COVID-19 genomes [7], identification of 
possible drug candidates to be used in trials [8], prediction of protein structures 
related to COVID-19 for the formulation of vaccines [9] and in other useful 
applications [10]. 

Machine learning has the potential to provide great value in the healthcare area with 
lots of possible applications. The practice of medicine is composed of four primary 
practices: diagnosis, prognosis, treatment, and prevention. This thesis will explore 
machine learning in two different contexts related to two of the pivotal practices in 
the delivery of healthcare: diagnosis and prognosis. These contexts are: (i) the 
assessment of the age of young individuals, based on their bone development; and (ii) 
the prognosis of dementia in the older population, regarding its development or not 
in healthy individuals after a time frame of 10 years, respectively. 
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2 SCOPE OF THE THESIS 

In this thesis, the perspective taken on machine learning is as a technology used in 
the realm of Applied Health Technologies (AHT). To discern the field of AHT it is 
essential to consider its health technology aspect and its application aspect. Health 
technology is defined by The International Network of Agencies for Health 
Technology Assessment [11] as: "an intervention developed to prevent, diagnose or 
treat medical conditions; promote health; provide rehabilitation; or organize 
healthcare delivery. The intervention can be a test, medicine, vaccine, procedure, 
program or system". The application aspect regards its applied science facet, which 
implies the use of the scientific method for practical purposes towards specific 
problems [12]. While considering these aspects, it is possible to delineate the work 
on AHT field as the employment of the scientific method to study technologies to 
develop interventions that target specific problems or applications in regards to health 
and healthcare. The Blekinge Institute of Technology Health Technology Research 
Lab [13] defines AHT as "an interdisciplinary subject incorporating both studies on 
how health directly or indirectly relates to the application and results of technology". 
This definition highlights the human context of the AHT field, which is essential 
considering the possibilities and limitations provided by health technologies, in order 
to support and improve health, and ease suffering [14,15]. Being a research area that 
interfaces health and technology sciences, the interdisciplinary factor plays a 
significant role in AHT. It allows the collective thinking about complex problems 
[16], like the ones commonly encountered in the healthcare field, in order to reach a 
new understanding and explanations that assist in finding better overall solutions, or 
into developing new and more insightful research questions [17]. 

The digitization (i.e. conversion of the analog to digital) of many healthcare functions 
enables the employment of new technologies for implementing novel ways of 
delivering healthcare  [18]. Digitization is highly correlated to the field of AHT in the 
sense that it allows targeting specific problems in healthcare with the help of 
technologies, and in this thesis, the particular case of machine learning will be 
investigated. It is important to note that traditional works on machine learning are 
often algorithm-centered, focusing on implementations, optimizations, theories, and 
comparisons with benchmark datasets. However, this thesis focuses on the 
applications, i.e., the contexts in which a specific healthcare problem is identified, 
and the opportunity that machine learning offers in targeting them and offering novel 
solutions. 
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3 THESIS OUTLINE 

This thesis is a synthesized framework based on five studies. The remainder of this 
work is organized as follows: chapter 4 (Background) presents important concepts 
and background information for the motivation of this work, also presenting the 
research contexts of this thesis; chapter 5 (Research Aims) details the overall and 
specific aims of this thesis; chapter 6 (Research context in diagnosis: age assessment 
of youth and young adults) presents the methodology used to achieved the  research 
aims and main findings of the research context regarding diagnosis; chapter 7 
(Research context in prognosis: prediction of the development of dementia in older 
individuals) presents analogous information to chapter 6, but for the research context 
regarding prognosis; chapter 8 (Ethical Considerations) discusses the ethical issues 
pertaining both research contexts; chapter 9 (Discussion) presents discussions about 
the main findings regarding the research contexts and the work as a whole, also this 
chapter presents a discussion about threats to validity; chapter 10 (Conclusion) 
provides the concluding remarks of the thesis work; finally, chapter 11 (Future Work) 
presents suggestions for possible future studies. 

The studies included in this thesis are presented in chapters 13 to 17. 
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4 BACKGROUND 

To better understand the application of machine learning in healthcare, first an 
explanation of its basic concepts is provided. From this point, the scenario of modern 
healthcare is presented, together with possible applications of machine learning to 
diagnosis and prognosis. Then, the two contexts of application, which concern this 
thesis are presented in detail, specifying the problems which machine learning aims 
to solve. Finally, the rationale for the use of machine learning is provided for both 
contexts. 

4.1 Machine Learning 
Artificial intelligence is a broad discipline that concerns the understanding and the 
designing of computer programs that exhibit key elements of intelligence [19]. The 
ability to learn is one of those critical elements and is explored in its sub-field named 
machine learning. The origin of the term machine learning dates back to the 1950s 
with its definition given by Arthur Samuel as: "a field of study that gives computers 
the ability to learn without being explicitly programmed" [20]. Samuel's research 
proposed to investigate if a computer program would be able to learn enough from 
past experiences to outperform an average person in the game of checkers. His 
algorithm was one of the earliest documented examples of machine learning and it 
showed that after about eight hours, the program learned to improve its checkers skills 
to eventually beat an average human opponent [21]. Decades later, in 1997, after 
many hardware and software developments, the  International Business Machines 
Corporation's (IBM) Deep Blue machine learning program defeated the world chess 
champion Garry Kasparov, an event that was a historical landmark for machine 
learning [22]. Both examples illustrate the striking capability and evolution of 
machine learning algorithms that caused a paradigm shift in the Computer Science 
area, which primarily focused on 'how to manually program computers', into 
developing a whole new field with the focus on 'how to get computers to program 
themselves' (based on past experiences and basic initial settings) [23].  

Being a field that has been gaining progressively more attention in the last decades, 
machine learning has a range of successful applications in many areas such as speech 
recognition (e.g. dictation systems), computer vision (e.g. face recognition), bio-
surveillance (e.g. disease outbreak detection and tracking),  robot control (e.g. 
helicopter flight stabilization), and a crescent interest in the empirical sciences by 
aiding the scientific discovery process in areas that are very data-intensive [23–25]. 
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When talking about machine learning algorithms, a critical reflection to be made 
regards the question of why machines should learn instead of just designing them to 
perform as desired. The reasons for that have a lot to do with the limited human 
capacity to deal with large amounts of data, multiple variables at the same time and 
ever-changing environments [26]; all of which would make manual coding 
impractical (if not impossible), such as in the following tasks [27]: 

• tasks that are too complex to be well defined, except by examples in a series 
of inputs and outputs; 

• tasks that involve extracting meaning (relationships and correlations) in large 
quantities of data; 

• tasks that involve on-the-job improvement, since not all of the characteristics 
of the environment are known; 

• tasks with a very large amount of available knowledge that makes explicit 
coding impractical; and 

• tasks that involve dynamic environments that would require constant 
redesign. 

From a general perspective, a machine learning system operates by learning how to 
perform a task from a set of examples or observations, and by improving its 
performance while executing the defined task [27]. To say that learning happened 
means that the system in question changed its structure, programming or data, in order 
to improve its performance on the defined task, based on the examples or 
observations. The knowledge acquired on how to perform the task in question is 
encapsulated in the form of a model, so when given an entirely new set of data, this 
model can carry out the task within an acceptable performance level, assuming that 
the training data is representative of the new data [28]. 

For a better understanding of the works in this thesis, the basic machine learning 
terminology is defined in the following. 

• Data point, observation, example, and instance refer to single and 
independent units of data. When referring to a set of data points the term 
sample will be used [29]. 

• Training set is a subset of data points used to develop models, while the 
validation set and the test set are used for evaluation purposes [29]. 

• Model is a representation of what the machine learning algorithm was able 
to learn from the training set [30]. 

• Predictors, features, attributes and independent variables refer to the 
model's input variables, which are employed in order to make predictions 
[30]. 

• Outcome and dependent variable refer to the target of the prediction [29]. 
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• Label refers to the answer or result in regards to an example. A labeled 
example is an example that is constituted by features and a label [30]. 

• Classes are a set of enumerated label values which an outcome can assume 
[30]. 

There are several learning approaches within machine learning, which are used in 
different types of problems. The most common ones are supervised, unsupervised and 
reinforcement learning. However, in the studies that constitute this thesis only 
supervised approaches were used, so the remaining ones are considered out of the 
scope of this background explanation. In supervised learning, the examples or 
observations that are used to train the models have known labels that correspond to 
correct outputs, and the algorithm will execute in order to map the inputs to the 
outputs [26]. The most common types of problems in this learning approach are 
classification, in which the output is characterized by a finite number of classes; and 
regression in which the output is a real-value number [4].  

Most machine learning problems tend to be well-constrained, presenting no 
significant challenges in representing the inputs into relevant variables to be used in 
building models [31]. However, complex real-world problems tend to involve data 
related to natural signals, natural sounds, language, natural images or visual scenes, 
which are difficult to be translated into descriptive means [31,32]. To deal with this 
challenge, a new modality of machine learning algorithms was introduced: deep 
learning. Deep learning can be employed with multiple learning approaches and has 
a fundamental difference from the most traditional machine learning modalities. 
While the latter requires the domain experts to hand-craft features, deep learning 
performs automatic feature engineering, meaning that it automatically finds the 
important informative features in the data first, and then performs the designated task 
(e.g. classification, regression) [33]. 

Both deep learning and more traditional forms of machine learning work in order to 
build models with the objective of making accurate predictions [29]. Another interest 
that can arise when building a model is interpreting it to understand why the model 
works and how are the features working together in order to estimate the target 
outcome [29]. Understanding the modeling priority is crucial since there is a critical 
tradeoff to be considered, since in most of the cases, the more complex the algorithms 
get, the less interpretable they are [34]. 

In brief, machine learning is not new and it is a field that has been evolving in the last 
decades, acting on more and more complex tasks. It offers the potential to solve 
problems that would be either impossible or impractical to be solved by manual 
coding and it is much present in modern life, from weather reports, internet search 
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engines and online shopping, to applications that have the potential to greatly affect 
individuals' lives, which is the case of healthcare. 

4.2 Machine learning in healthcare 
Healthcare is an essential and high-cost sector that, in the last 17 years, has been 
growing faster than the economy [35]. The global spending on healthcare in 2017 was 
estimated to have reached US$ 7.8 trillion, which corresponds to about 10% of the 
global gross domestic product in that year [35]. This increased expenditure is due to 
a multitude of factors related to population growth and aging, disease prevalence and 
incidence, increased demand for health services, and rise in the price of health 
services and pharmaceutical costs [36]. This upward trend in the costs of care brought 
difficult challenges related to efficiency and productivity to the healthcare systems 
[19] and was one of the driving factors for change in this sector that used to be 
primarily focused on hospital care, to give higher importance to preventative actions 
and outpatient care [37]. 

Healthcare systems are made of multiple information processing tasks. First, there is 
the screening and diagnosis, which consists of the classification of patient cases 
through the information given by examinations, investigations, and history. Then, 
there are the treatment and monitoring tasks, which comprise the planning, 
implementation, and managing of specific actions, based on the presented 
information, in order to provide future health outcomes for the patients [19]. 
Managing a healthcare system is also a very data-driven task since policy makers and 
managers need to, optimally, maintain, modify and allocate resources to the health 
system functions in order to achieve its goals of care, based on the information on the 
usage of services, bio-surveillance evidence etc [19]. In short, the healthcare sector 
comprises many decision-making tasks that are based on the analysis of large 
quantities of data, in different degrees of complexity, and multiple levels, ranging 
from its primary activities up till management itself. A technology that can be useful 
in such data-intensive environments is machine learning.  

The employment of machine learning for health applications is not new, and it is 
experiencing a continuous expansion in both public and private sectors [38].  This 
expansion is made possible by the large volume of health data available in both 
structure form, as in the  electronic medical records, and unstructured form, provided 
by clinicians' notes, reports, discharge summaries, medical images, audios and videos 
[37]. In terms of the applications themselves, they are numerous and are, in essence, 
driven by the basic definition of machine learning, which is a program that learns 
from experiences and derives knowledge from data. In this sense, machine learning 
in the health area works by acquiring knowledge from the decisions made by a vast 
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number of clinicians (and other health-related professionals) and the outcomes from 
a large number of patients, and have this collective experience be used in order to 
inform the care of new patients [39]. How machine learning can address two of the 
most pivotal activities in the realm of healthcare: diagnosis and prognosis, are further 
explored in the next sections. 

4.2.1 Diagnosis 
Diagnosis is the process responsible for explaining a patient's health condition 
through clinical reasoning and, when necessary, it establishes a possible treatment 
path [40]. In essence, it is a classification tool, in which the medical knowledge is 
used to eliminate disease complexes that are not related to the symptoms presented 
by the patient until a final list of possible conditions is reached [41,42].  

The application of machine learning in medical diagnosis is very present in the area 
of computer-aided diagnosis (CAD). CAD systems use machine learning to assist the 
physicians' diagnosis by building models from a set of medical examinations and 
diagnoses outputs. Thus, data collected from routine care could be used in predicting 
a likely diagnosis during a consultation [43]. An area of diagnosis that is benefited by 
machine learning is medical imaging. With the advances of technology, new 
modalities of medical imaging were developed, such as Computer Tomography, 
Positron-Emission Tomography, and Magnetic Resonance Imaging, which allowed 
new forms of visualization and enabled more useful information to be gathered from 
the patients. These modalities produce a large number of images, which the health 
professionals must interpret in order to derive a diagnosis [44]. Machine learning 
systems in this area assist in organ and lesion segmentation; image fusion; image-
guided therapy; image annotation; image retrieval; and in CAD systems [45].  

4.2.2 Prognosis 
Prognosis is a significant component of medicine, which refers to the estimation of 
the risk, for an individual, of developing specific outcomes based on clinical and non-
clinical features [46]. It is commonly referred to as the expected outcome of a disease, 
but the prognosis is also useful at predicting the future outcome of healthy 
individuals, e.g., cardiovascular risk profiles to determine risks of heart disease in the 
general population [46].  

In order to build a good prognostic estimate, a longitudinal view of the individuals 
should be considered [39], along with multiple features, which is an ideal setting for 
the application of machine learning techniques [39]. The way that machine learning 
can be useful for prognosis is by analyzing health trajectories of a large number of 
patients in order to identify patterns, which can be used in both individual and 
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population levels [39]. On the individual level, it helps patients understand the course 
of their condition so that they can have joint decisions with their healthcare providers, 
one of the pillars of patient-centered approaches [47]. On the population level, it acts 
as proactive support, by identifying persons at significant risk of developing a 
particular condition, and also in predicting the usage of healthcare services [39]. This 
information is useful for the allocation of resources in order to create and maintain 
preventive healthcare programs [47]. 

4.3 Research contexts 
The research presented in this thesis is concerned with two applications of machine 
learning in healthcare, one related to diagnosis and the other related to prognosis in 
two different contexts. These are detailed in the following. 

4.3.1 Research context in diagnosis: age assessment of youth and young 
adults  

According to the United Nations Children's Fund (UNICEF), only half of the children 
in the developing world aged five or under have a registered birth certificate [48]. 
The consequences of not having a valid identification put minors in a vulnerable 
situation, which makes it easier for underage recruitment to fighting forces, underage 
marriage, and dangerous employment [48]. Moreover, with the increase of 
immigration, the consequence of various conflicts around the world, young asylum 
seekers with no means of proving their age can be wrongly considered as adults and 
be deprived of their rights granted by the United Nations Convention on the Rights 
of the Child [49]. The lack of valid documentation to prove age also affects numerous 
legal contexts, especially in cases related to adoption, pedopornography, criminal 
proceedings, and age fraud in sports competitions [50,51]. Processing children as 
adults in legal contexts have severe consequences since the application of the law is 
usually harsher for adults and can put vulnerable individuals through situations unfit 
for their maturity level, hindering the access to adequate support for reintegration to 
society. In contrast, the opposite situation benefits the adult individual with, arguably, 
unfair lenient sentences [48]. 

Bone age assessment (BAA) is a diagnostic tool currently used for assessing age in 
situations where valid documents are lacking [52]. It assesses the skeletal maturity of 
an individual through the analysis of the bones' primary (diaphysis) and secondary 
(epiphysis) ossification centers, where cartilage tissue gradually develops into bone 
tissue, which drives changes in the bones' size, shape and degree of mineralization 
[53]. The diaphysis and epiphysis continue to grow, while there is remaining cartilage 
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in the growth plate, and when it ceases, it is said that the growth plate is ossified (or 
fused) [53].  

The most commonly used methods for BAA are the Greulich-Pyle (GP) and Tanner-
Whitehouse (TW) methods, both of them are based on the analysis of diaphyses and 
epiphyses of the hand, through the use of radiographs. The first method is based on 
the comparison of radiograph images of a hand atlas, crafted in the 1940s, with the 
radiograph of the individual being assessed [54]. The TW method computes an 
aggregated score of skeletal maturity assessments of 13 short bones of the hand, ulna, 
and radius [55]. The TW method was developed in the 1950s and was further updated 
in 2001. Nonetheless, neither of these BAA methods were conceived for 
chronological age assessment purposes. These methods conveyed groundbreaking 
developments in numerous clinical applications, regarding diagnosis and in assessing 
the time for treatment in pediatric endocrinology, orthopedics, orthodontics, growth 
disorders, and final height estimations [56]. However, their initial intended use is 
guided at comparing the estimated bone age with the actual chronological age of the 
individual to deliver a diagnosis. A delayed or advanced bone age can point to 
endocrine disorders, nutritional deficiencies, chronic illnesses, multiple syndromes, 
and also be a consequence of the use of certain medications [57]. 

In regards to the use of bone age for the estimation of chronological age, most of its 
shortcomings come from the fact that it is done manually by radiologists. First, the 
activity of analyzing images is time-consuming and can be prone to inter and intra-
rater variability [58,59]. Second, there is a serious ethical issue in exposing minors to 
radiation without any therapeutic purposes, and most of the methods currently in use 
employ radiographs [59].  

In a clinical setting, physicians can work with secure thresholds in order to prescribe 
treatments and there is a continuous following until a therapeutic goal is reached. 
However, in a legal context, the act of assessing age is a one-time event that is almost 
absolute, i.e. "is the subject a minor or not?" and this can have life-long effects in the 
individual's life. Still, compared to other methods that aim at assessing maturation in 
individuals, BAA is the most trustable. The assessment of the dental age has a high 
degree of variation, the assessment of sexual characteristics as described in the 
Tanner Scale [60,61] could be subjective and it is restricted to teenagers, and the age 
at menarche is a one-off event that only regards women [62].  

Thus, it is beneficial to research ways to improve the estimation of age through the 
assessment of bone age, and a technology that is able to augment the human capacity 
of extract information in such information-rich environments, such as images, is 
machine learning. Also, the possibility of automation that comes together with an 
algorithmic method can impact the time spent on assessment and the rater variability 
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problem. Lastly, the machine learning technology can also be used to explore other 
medical imaging modalities that do not make use of ionizing radiation and that are 
not very widespread in the BAA field, such as magnetic resonance imaging. 

4.3.2 Research context in prognosis: prediction of the development of 
dementia in older individuals 

In an article entitled "The coming epidemic of dementia", published in 1983, the 
author Henderson characterized the dementia disorder as 'an unexciting group of 
diseases occurring in an unexciting age group' that was not receiving many research 
incentives, and to which the World Health Organization (WHO) had only begun to 
shift its attention to it [63]. More specifically about the dementia disorder, Henderson 
also stated, at that time, that it was a fairly common one, with unknown etiology, with 
only palliative treatment available, and with a significant social impact [63]. Almost 
four decades of research later, many advances were made in the field of dementia 
disorder. However, these four statements still hold true. To date, the WHO holds 
dementia as a public health priority, with alarming rates of an estimated 7.7 million 
new cases each year [64]. 

Dementia comprises a range of neurological disorders that are responsible for 
progressive cognitive deterioration and memory loss. As dementia progresses, the 
affected individuals suffer from an accumulation of disabilities and cognitive 
impairment so grave that it interferes with their social and professional functioning, 
which can get so severe as to lead to a complete loss of independence [65]. Further, 
little is known about its mechanisms, and no available symptomatic treatment was 
able to show relevant benefits in treating the deterioration in cognition [66]. Other 
severe dementia symptoms include disorientation, mood swings, intensified memory 
loss, confusion, behavioral changes, impaired gait, impaired speech, and difficulty in 
swallowing, all of which are responsible for the poor quality of life for the affected 
individuals [65]. 

The impact of dementia in society occurs on multiple levels. Besides the individuals 
diagnosed with this condition, their caregivers, who are usually their close family, are 
also directly affected by it. The financial loss that occurs in the household, caused by 
the reduction in income and costs of care, is usually accompanied by adverse health 
outcomes for them as well, such as high levels of strain, and risks of depression and 
alcohol-related problems, which are derived from the burden of care for such complex 
disorder [67,68]. Dementia also has a considerable impact on healthcare systems 
around the world. In 2015, it is estimated that the global cost of dementia, accounting 
for direct medical costs, social and informal care costs were US$ 818 billion, which 
corresponds to 1.1% of the global gross domestic product of that year [69]. Contrary 
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to other chronic illnesses, like diabetes, which 80-90% of the costs of care are directed 
to effective disease-modifying interventions, in dementia's case, it is estimated that 
circa 83% of the costs are directed to social and informal care that aims at 
compensating the cognitive consequences of the disorder, and roughly 1% was 
destined to pharmaceuticals, that have a modest effect on the symptoms [65]. Since 
age is considered to be the most significant risk factor for dementia and life 
expectancy is increasing worldwide, an increase in prevalence is expected in the 
future, which will cause an even more significant strain for governments, 
communities, families, individuals; and loss in productivity for the global economies  
[69].  

In light of this scenario, measures for prevention and risk reduction are imperative 
[69], and prognostic estimates are vital in addressing the dementia epidemic. A good 
prognosis based on individuals and their development or not of dementia can identify 
predictors, and their relative importance [46]. Doing this prediction considering a 
time frame that is large enough for the application of interventions may lead to 
positive results as to prevent or delay the dementia onset. The problem with this 
approach lies in the hypothesis that dementia is a multifactorial disorder, and some 
factors that are believed to influence its development cannot be studied in traditional 
trials of control versus intervention (i.e., cardiovascular risk). However, having 
longitudinal and multifactorial data related to the older adult population enables 
machine learning to tackle this problem instead. 

4.4 The rationale of the thesis 
The increase in volume of health data and the necessity of tackling more and more 
complex problems, makes the use of machine learning in healthcare very beneficial.  
The rationale behind the use of machine learning in both contexts present in this thesis 
is detailed in the following. 

In the research context that regards the estimation of the age of young individuals, 
even if the process underlying the bone development is known, its use for predicting 
the chronological age of an individual is not optimal, since BAA methods were not 
conceived for this use. Machine learning is employed in this context to uncover 
knowledge about how the maturation process that happens inside the bones can be 
used to diagnose the age of young individuals better. Besides, it can also obtain the 
advantages of an algorithmic approach, which also addresses the drawback in the 
methods in terms of rate variability and time spent in BAA activities. 

On the other hand, in the research context that regards the prognosis of dementia in 
the older population, the opposite scenario is faced since dementia is a multifactorial 
disorder in which so little is known about its underlying mechanisms. In this context, 
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there is a large number of possible input variables at a baseline and respective outputs 
that regard the development of dementia years later, but no knowledge about how 
they relate to each other. Thus, machine learning is employed in order to find patterns 
in the patients' data and deliver a prognostic estimate. 

In both research contexts, machine learning is employed in order to augment the 
human capability of tackling complex problems, by either extending the knowledge 
about a health concept or uncovering new knowledge in order to fill a research gap 
that could be beneficial to society. 
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5 RESEARCH AIM 

The overall aim of this thesis was to investigate applications of machine learning in 
healthcare, concerning diagnosis and prognosis applications, in the two following 
contexts: age assessment of youth and prognosis of dementia in the elderly. 

Regarding the diagnosis research context, the main goal was to investigate methods 
for the assessment of age in youth and young adults, which do not employ ionizing 
radiation and address the drawbacks in the bone age assessment research. This 
context was composed of three studies, and their individual aims are defined as the 
following: 

• The aim of Study I was to perform a systematic literature review on BAA 
methods that makes use of machine learning techniques to present the state 
of the art evidence, trends and gaps in the research.  

• The aim of Study II was to investigate an age assessment method for youth 
and young adults based on the radiologists' BAA and non-radiological 
features, using machine learning techniques. 

• The aim of Study III was to investigate an automated age assessment method 
for youth and young adults based on deep-learning. 

 

For the research context of the prognosis, the main goal was to propose prognostic 
estimates for older individuals, as to their development or not of dementia, in a 10 
years’ time, considering modifiable risk factors. This context was built on two studies 
and their individual aims are defined as the following: 

• The aim of Study IV was to present a systematic literature review of the state 
of the art, trends and gaps in the research on the prognosis of dementia that 
makes use of machine learning and microsimulation techniques. 

• The aim of Study V was to investigate the prognosis of dementia in a cohort 
of older individuals as to their development or not of dementia in a time frame 
of 10 years, in a broad multifactorial approach, using decision trees. 
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6 RESEARCH CONTEXT IN DIAGNOSIS: AGE 

ASSESSMENT OF YOUTH AND YOUNG ADULTS 

The works on the research context in diagnosis regarded the age assessment of youth 
and young adults and were composed of three studies. The starting point was the 
execution of a systematic review of the literature (SLR) and meta-analysis  in order 
to contextualize the relevant published evidence in this area (study I). Based on the 
results of the SLR, two machine learning experiments were designed in order to 
propose chronological age assessment methods: one based on the radiologists' 
assessments of images (study II), and one based on the automatic assessment of 
images through deep learning (study III). 

6.1 Materials and Methods 
A detailed account of the methodologies of the studies I, II and III is presented in the 
following. 

6.1.1 Systematic literature review 
Study I was performed as an SLR and meta-analysis in the Pubmed, Web of Science 
and Scopus databases, which aimed at answering the central question: "How machine 
learning techniques are being employed in studies concerning youth age assessment 
(10 to 30 years)?". This research question was answered in regards to the machine 
learning techniques, the data characteristics being considered, the type of medical 
imaging, and the regions of interest (ROI) being explored in the literature. A meta-
analysis was carried out on the performance of the proposed age assessment methods. 
A review protocol1 was made, beforehand, in order to define the inclusion and 
exclusion criteria (see table 1), a search string (see table 2), a quality assessment 
checklist (based on Kitchenham and Charters' [70] guidelines) and procedures for 
data extraction and synthesis. The search for studies was performed on March 21st of 
2018 and 6th of February of 2019. The study selection process followed the steps 
shown in figure 1, except that for the second search no snowballing was performed. 
The retrieved studies were divided in thirds and had their titles and abstracts assessed 
by the participants of the study. The selected studies had their references assessed in 
a one iteration backward snowballing in order to find additional studies. All selected 
                                                        
1 The protocol regarding the SLR of the study IV is available at http://tiny.cc/4wuw8y 
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studies were fully read for eligibility and quality assessment, then selecting the final 
set of included papers. Summary tables were built in order to compile the information 
for the SLR, while the meta-analysis of the performances was calculated on the 
average performance weighted by sample sizes. 

 

Table 1. Inclusion and exclusion criteria for the selection of studies in study I 

Inclusion Criteria Exclusion Criteria: 

• Be a primary study in English; AND 
• Published in the last 10 years; AND 
• Address age assessment using medical 

imaging; AND 
• Propose age assessment models using 

machine learning techniques; AND 
• Age assessment is analyzed through 

growth zones in joints; AND 
• Be a study regarding age assessment in 

living individuals. 

  

• Be a secondary or tertiary study; OR 
• Have been published before 2007; OR 
• Written on a language other than 

English; OR 
• Do not address research on age 

assessment using medical imaging; OR 
• Do not propose models for the purpose 

of age assessment; OR 
• Address height prediction, or a specific 

syndrome or disease that affects 
normal growth; OR 

• Age assessment is not analyzed 
through growth zones in joints; OR 

• The study population is out of the range 
of 10 to 30 years old by 3 years; OR 

• Use of  post-mortem material. 

 

Table 2. Population, intervention, comparison and outcome (PICO) components, which guided the 
building of the search string used in the SLR of study I 

Component Description 

Population Studies involving age assessment in youth. 

Intervention Use of medical imaging 

Comparison No comparison was defined since the study aimed to characterize the 
research, therefore there was no comparison with other interventions. 

Outcome Machine learning models for age assessment. 
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Figure 1. Study selection process used in the SLR of  study I. Abbreviations: A1, A2, A4 and A6 refer 
to the first, second, fourth and sixth authors of the published paper from study IV, respectively.

6.1.2 Experiments 
Both Studies II and III investigate methods for both: (i) estimation of chronological 
age; and (ii) classification of minors and adults, regarding the threshold of 18 years. 
The results from the SLR and meta-analysis of study I showed that the proposed 
methods for BAA consisted of automated and non-automated approaches in regards 
to the need of human input to the system. 

Study II investigates a non-automated approach of age assessment based on the 
radiologists' assessment of medical images. Study II also addresses drawbacks and 
identified gaps in the literature related to: (i) the use of non-ionising radiation 
modality of medical imaging, with the use of magnetic resonance imaging (MRI); (ii) 
the employment of three regions of interest (ROI) for the BAA: wrist, knee and foot; 
and (iii) the inclusion of non-radiological factors in the assessment. 

Study III investigates an automated approach for age assessment based on deep 
learning, which was employed in most of the automated methods identified by study 
I. Study III also addresses other identified gaps in the literature and drawbacks in the 
traditional methods used for BAA related to: (i) the use of non-ionising radiation 
modality of medical imaging, by the use of MRI; (ii) the analysis of the knee region, 
which was scarcely explored in the literature; (iii) mitigates the risk of rater 
variability, since there is no human input in the method; and (iv) it reduces the time-
consumed in the assessment, by proposing an automated approach.
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6.1.3 Population and data 
Studies II and III were part of the Swedish Age Assessment Study (SAAS) - Study to 
Deepen the Knowledge of Magnetic Camera Examinations as a Method for Medical 
Age Assessment project, which aims to: "provide, on the basis of best available 
knowledge, suggestions for methods of medical age assessment of whether a person 
is over or under 18 years of age" [71]. This project conducted MRI examinations on 
healthy volunteer subjects in the age range of 14 to 21 years, during the period of 
2017 and 2018. All MRI examinations were performed on 1.5 Tesla whole-body MRI 
scanners, and followed the same protocol with settings of 256 x 256 pixel resolution 
and 160 by 160 mm field of view. The inclusion and exclusion criteria that determined 
the participation in study are shown in table 3. 

 

Table 3. Inclusion and exclusion criteria for the participation in the SAAS project 

Inclusion Criteria Exclusion Criteria 

• Have been born in Sweden; AND 
• have a birth certificate verified by the 

Swedish national authorities. 

• History of bilateral fractures or trauma 
near the regions of assessment; OR 

• history of chronic disease; OR 
• use of long-term medications; OR 
• noncompliance during the examination; 

OR 
• have resided outside Sweden for more 

than six consecutive months; OR 
• past or current pregnancy (all female 

subjects were tested). 

 

The data for study I consisted of 455 male and 467 female subjects (see table 4), who 
had T2-weighted cartilage dedicated exposure MRI images taken from the foot, knee 
and wrist in regards to five growth zones: Calcaneus (foot), Distal Tibia (foot), 
Proximal Tibia (knee), Distal Femur (knee) and Radius (wrist). These images were 
independently assessed by two pediatric radiologists (plus one for conflict 
resolution), blinded to age and gender. Each of the five growth plates was attributed 
to a stage based on the appearance of cartilage signal intensity of the growth plate, 
according to the staging systems proposed by Dedouit et al. [72] and Kellinghaus et 
al. [73] with minor modifications. The non-radiological data was gathered by a 
questionnaire given to the subjects, and measures of weight and height at the 
examination sessions. The non-radiological data used in the models were: type of 
residence during upbringing, daily level of physical activity, parents' origin, Self-
assessed Tanner Scale for pubertal growth [60,61] and Body Mass Index (BMI) . 
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Table 4. Demographics of study II subjects 

Age Group 14 15 16 17 18 19 20 21 Total 

Number of female subjects 59 58 57 60 59 57 57 60 467 

Number of male subjects 58 56 60 58 53 58 53 59 455 

 

The data for study III consisted of 221 male and 181 female subjects (see table 5) 
who underwent MRI examinations for T1-weighted images with bone dedicated 
exposure, of the knee region. No radiologists' assessment was employed in study III. 

 
Table 5. Demographics of study III subjects 

Age Group 14 15 16 17 18 19 20 21 Total 

Number of female subjects 22 21 30 27 20 12 25 24 181 

Number of male subjects 22 26 31 25 24 25 35 33 221 

 

6.1.4 Study II experimental design 
Cohen's kappa coefficient [74] was calculated in order to measure the inter-observer 
agreement between the pediatric radiologists regarding the assessment of the MRI 
images in all growth plates separately. Two types of age assessment models were 
investigated in study II: binary classification of minors and adults regarding a 
threshold of 18 years; and a multi-class classification of individuals into one of eight 
classes of age (14 to 21 years). The data preparation procedure consisted of applying 
the K-nearest Neighbors (KNN)  Imputation to deal with missing data (which in none 
of the variables was higher than 1.9%). The machine learning algorithms were chosen 
based on the findings regarding the non-automated approaches in study I and an 
additional search in the literature. The following  machine learning algorithms were 
chosen to build the age estimation models: Decision Tree, Random Forest, Multi-
layer Perceptron, Support Vector Machines, Naïve Bayes, K-Nearest Neighbors.  

All experiments were performed in a nested cross-validation setup (5-fold outer, 3-
fold inner) with stratified data splits. Additionally, a grid search was performed in 
order to find the best hyperparameters. The evaluation metrics used to measure model 
performance were: Area Under the Curve (AUC), Accuracy, Precision, Recall, Mean 
Absolute Error (MAE) and Root Mean Squared Error (RMSE). The latter two were 
only used in the multi-class classification models. These metrics were chosen based 
on guidelines for binary and ordinal multiclass classification problems [75,76]. The 
Performance for each of the employed algorithms was calculated in terms of the mean 
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and standard deviations of the appropriate metrics on the outer cross-validation test 
sets. The best performing algorithms had their performance results detailed for each 
of the outer cross-validation test sets. The choice of the final models is given by the 
one which gives the median results in order to minimize the risk of selecting over 
optimistic models.

6.1.5 Study III experimental design 
The proposed method for the estimation of age in study III is based on deep learning 
and comprises two Convolutional Neural Networks (CNN) models, as shown in 
figure 2.

Figure 2. Overview of the proposed automated age assessment method

To train the 'CNN: Image Selection', one image from each of the MRI sequences was 
labeled 'informative' (i.e. contain anatomical structures of interest) and one 
'noninformative' (i.e. anatomical structures of interest occluded). The output of this 
CNN model is the confidence level of the two classes (informative and 
noninformative), for a given MRI image of the sequence. The confidence level is a 
continuous value that ranges between 0 (lowest) and 1 (highest), with the confidence 
levels of the two classes sum up to 1. The GoogLeNet [77] CNN architecture was 
used in order to build this model. 

To train the 'CNN: Age prediction' module seven different CNN architectures were 
considered: GoogLeNet [77], ResNet-50 [78], Inception-v3 [79], VGG [80], AlexNet 
[81], DenseNet [82] and U-Net [83]. The final classification layer of these networks 
was replaced with a linear scalar output to provide the age estimation. The input of 
the age prediction CNN model is an MRI image with N channels, created from an 
informative image as the center, and a subset of N MRI images around this image is 
extracted from the MRI sequence. 
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The Caffe deep learning framework [84] with the Amazon Web Services (AWS) on 
an EC2 p3.2xlarge with a Tesla V100 Nvidia GPU, was used for training and 
evaluation. The Adam optimizer [85] was used to minimize the cross entropy loss 
when training the classifier and the Euclidean loss when training the regressor. All 
experiments were performed using 6-fold cross-validation, in which four parts were 
used for training, one part was used for validation during training and one part was 
used to evaluate the model’s performance. The data splits were done in a stratified 
manner and all of the images from a subject were assigned to a single fold. A sparse 
grid search was performed on the validation set  for each model to tune the hyper 
parameters. Transfer learning with models pre-trained on the ImageNet database [86] 
and data augmentation approaches were employed in training the CNNs in order to 
deal with smaller datasets and avoid overfitting. Data augmentation was performed 
on all training samples, which were randomly cropped, shifted, rotated (at a 
maximum of five degrees) and scaled (up to 20%).  

The estimation of age on the test set used all subject images with a confidence level 
of at least 0.95 (up to 10 images per subject). Data augmentation was applied on these 
15 times, using the same procedures as in the training set. Age was estimated for all 
augmented images and the median of the estimated ages for each subject comprised 
the final prediction. Performance results are given in terms of the Mean Absolute 
Error (MAE). 

Experiments on the classification of minors versus adults in the threshold of 18 years 
were also carried out, however, no new training of models was done. This 
classification was performed by applying a threshold to the estimated age from the 
best models trained in the age estimation experiments.  

6.2 Results  
The results provided by the studies I, II and III are presented in the following. 

6.2.1 Study I 
After the study selection process, 26 studies were included for data extraction and 
analysis.  

The results show an interest in the research in proposing automated BAA approaches, 
however, a considerable amount of studies proposed non-automated approaches. In 
the first case the system operates in a fully automated way, without human 
intervention, which implies automatic feature extraction and analysis. In the non-
automatic approaches some kind of human intervention was employed, e.g. manual 
location of regions of interest, assessment of the image by radiologists as to specific 



22 

stages of ossification or tissue analyses. Both address in a higher or lower degree the 
problems of subjectivity, time spent on or costs of the assessment. Most of the studies 
investigated BAA approaches that involved the analysis of radiographs of the hand 
ROI. Studies' samples were mostly from North America and West Europe, however 
ethnic aspects were scarcely present in studies. Additionally, socioeconomic or 
physical activity aspects were not considered. Most of the age ranges in the studies 
bordered or contained the age of 18 years, showing particular interest in this age.The 
most frequently employed machine learning techniques evidenced in the included 
papers were Regression-based methods (13 studies), followed by Artificial Neural 
Networks (4 studies), Convolutional Neural Networks (4 studies) and Support Vector 
Machines (5 studies), in which the later three were mostly associated with the 
automated approaches. Other less frequent techniques featured in the studies are: 
Bayesian Networks (2 studies), Decision Trees (1 study) and K-Nearest Neighbors (1 
study).  

The included studies presented a high heterogeneity in terms of age-ranges, dataset 
sizes and employed performance metrics that hindered the comparison of most of the 
studies for the meta-analysis. The average performance weighted by the sample size 
of the 7 comparable studies (with age ranges somewhat in the range of 0-19 years) 
resulted in a MAE of 9.96 months. 

6.2.2 Study II 
The MRI assessments of the growth plates by the radiologists showed that stages 1 
and 2 did not show evidence in any of the subjects. Stage 3 was present scarcely, for 
the Calcaneus and Radius growth plates. For the female subjects, nearly all or most 
of the sample was already on the last stage of ossification (stage 5) for all of the 
assessed growth plates (see table 6), and a considerable amount of female subjects, 
from the age of 17, had already all growth plates in the final stage (stage 5) (see table 
7). For the male subjects, these numbers slightly change (see tables 6 and 7). The 
independent assessment between the radiologists presented substantial agreement in 
all ROIs, according to the guidelines by Landis and Koch [87]. 

 
Table 6. Percentage of the sample in stage 5, by growth plate 

 Calcaneus Distal 
Tibia 

Proximal 
tibia 

Distal 
Femur 

Radius 

Female Subjects 94.6% 90.8% 81.6% 74.5% 65.5% 

Male Subjects 80.4% 70.1% 57.6% 54.9% 47.4% 
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Table 7. Percentages over each age group of subjects with all of the growth plates in stage 5 

Age group Female subjects Male subjects 

14 3.3% 0% 

15 13.7% 0% 

16 40.3% 5% 

17 73.3% 22.4% 

18 89.8% 58.4% 

19 100% 86.2% 

20 100% 94.3% 

21 100% 100% 

Total 65.1% 45.2% 

 

The classification of minor and adults aimed at discriminating subjects at a threshold 
of 18 years. For the male subjects, the algorithms which presented the best mean and 
standard deviation on the performance metrics was the Random Forest, which 
achieved  0.90 ± 0.01 Accuracy , 0.90 ± 0.01 AUC, 0.87 ± 0.03 Precision and 0.94 ± 
0.04 Recall. The Random Forest model which produced the median results on the 
outer cross-validation test sets achieved the following results: 0.90 Accuracy, 0.90 
AUC, 0.83 Precision, 1.00 Recall (Minors class) and 0.80 Recall (Adults class). For 
the female subjects, the best performing algorithm was also the Random Forest, with 
the following results: 0.83 ± 0.02 Accuracy, 0.83 ± 0.01 AUC, 0.76 ± 0.02 Precision 
and 0.97 ± 0.01 Recall. The median Random Forest model for the female subjects 
provided the following results: 0.84 Accuracy, 0.84 AUC, 0.77 Precision, 0.96 Recall 
(Minors class) and 0.72 Recall (Adults Class).  

The age estimation models aimed at the multi-class classification of subjects into 
eight age groups (14 to 21 years). In the male subjects' case, the algorithm which 
produced the best mean and standard deviation performance metrics was the Multi-
Layer Perceptron (MLP) with the following results: 0.98 ± 0.08 MAE (years), 0.33 ± 
0.02 Accuracy, 1.32 ± 0.13 RMSE (years)  0.84 ± 0.01 AUC, 0.65 ± 0.27 Precision 
and 0.61 ± 0.31 Recall. The median MLP model provided the following results: 0.95 
MAE (years), 0.33 Accuracy, 1.29 RMSE (years), 0.83 AUC, 0.91 Recall and 0.48 
Precision. Even with moderate results in terms of the MAE metric, the results 
discriminated by age regarding this model (see figure 3) show a clear trend of 
overestimation of ages for male subjects in general, limited capacity of classifying 
subjects over the age of 16. In the female subjects' case, the algorithm which produced 
the best mean and standard deviation performance metrics was the Support Vector 
Machines (SVM) with results as follows: 1.21 ± 0.06 MAE (years), 0.32 ± 0.04 
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Accuracy, 1.68 ± 0.06 RMSE (years)  0.80 ± 0.01 AUC, 0.55 ± 0.07 Precision and 
0.71 ± 0.11 Recall. The median SVM model presented the following results: 1.24 
MAE (years), 0.37 Accuracy, 1.75 RMSE (years), 0.79 AUC, 0.75 Recall and 0.56 
Precision. As in the male subjects' case, there is a clear overestimation of ages for the 
female subjects in the results discriminated by age (see figure 4). 

 

 

Figure 3. Mean absolute error (years) and standard deviations for the male Multi-Layer Perceptron model 

 

 

Figure 4. Mean absolute error (years) and standard deviations for the female Support Vector Machine 
model 
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The results regarding the age estimation models for both male and female subjects 
were negatively affected by the fact that a significant part of the sample (65.5% for 
females and 45.2% for males) had all of the growth plates assessed as to stage 5, 
which meant that for a considerable part of the sample, the classification would be 
dependent only on the non-radiological variables (self-assessed Tanner Scale, BMI, 
residence during upbringing, physical activity and parents origin). This shows that 
for age assessment purposes, the BAA provided by radiologists was not precise 
enough for predicting the exact age, but showed good results in the minor and adults 
classification. 

6.2.3 Study III 
The best results were achieved using a confidence threshold C of 0.95 in the Image 
Selection CNN when choosing the most informative MRI images, number of 
channels set to 1, and the GoogLeNet architecture. The age prediction model achieved 
a MAE of 0.793 years for male subjects and 0.988 years for female subjects. Table 8 
shows the performance results for male and female subjects on the GoogLeNet 
architecture, discriminated by age group. The MAE increases substantially from the 
age of 21 for male subjects and 20 for female subjects, which suggests that after the 
ages of 20.5 for men and 19.5 for women, no additional information regarding age 
estimation can be extracted from the MRI image data (in the knee region). The 0.5 
increments regards the data collection procedure, which collected data from the 
subjects within six months of their birthday date. 

 
Table 8. Results from the experiments with the best performing models on GoogLeNet 

MAE ± SD (years) 

Age Group 14 15 16 17 18 19 20 21 

Male 0.74 ± 

0.50 

0.73 ± 

0.80 

0.99 ± 

1.07 

0.98 ± 

1.17 

1.14 ± 

1.19 

0.55 ± 

0.70 

0.51 ± 

0.49 

1.37 ± 

0.59 

Female 0.75 ± 

0.56 

0.89 ± 

1.05 

1.57 ± 

1.08 

1.09 ± 

1.34 

0.61 ± 

0.70 

0.54 ± 

0.55 

1.25 ± 

0.73 

1.75 ± 

0.62 

 

 

 



26 

Regarding the minors versus adults classification experiment, three strategies were 
explored for setting the threshold: 

1. Increase the accuracy for minors at the expense of the accuracy for adults 
classification. 

2. Setting the threshold to get as equal accuracy as possible for adults and 
minors. 

3. Using the threshold of 18 year without any modification 

The results obtained from these strategies for male and female subjects are presented 
in tables 9 and 10, respectively. 

 
Table 9. Accuracies for minor vs adult classification of male subjects 

Strategy Threshold in years Accuracy for 
minors 

Accuracy for 
adults 

1 Threshold 18.73 98.1 88.0 

2 Threshold 18.38 93.3 93.2 

3 Threshold 18.00 90.4 95.7 

 

Table 10. Accuracies for minor vs adult classification of female subjects 

Strategy Threshold in years Accuracy for 
minors 

Accuracy for 
adults 

1 Threshold 19.11 95.0 45.7 

2 Threshold 18.2 85.0 85.2 

3 Threshold 18.00 77.0 88.9 
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7 RESEARCH CONTEXT IN PROGNOSIS: 
PREDICTION OF THE DEVELOPMENT OF 

DEMENTIA IN OLDER INDIVIDUALS 

The research context that regards the prognosis of dementia comprises two studies 
and as in the previous research context, had the execution of an SLR as the starting 
point in order to summarize the relevant published evidence in the area of the 
prognosis of dementia (study IV).  Based on the information provided by the SLR, a 
machine learning experiment was designed and performed in order to propose the 
prognostic estimates for the dementia disorder (study V). The remainder of this 
chapter presents the methodologies and summary of the results pertaining to the 
studies IV and V. 

7.1 Materials and Methods 
A detailed account of the methodologies of the studies IV and V is presented in the 
following. 

7.1.1 Systematic literature review 
Study IV performed an SLR on the Pubmed, Web of Science and Scopus databases. 
The review protocol2 stated the following main research question: “How are the 
machine learning and microsimulation techniques being employed by the research 
on the prognosis of dementia and comorbidities?”. This question was answered in 
terms of the employed machine learning and microsimulation techniques; the data 
characteristic considered in the models; the goal of the studies; the handling of data 
censoring; and the prognosis focus being on an individual or populational level. The 
review protocol also defined the criteria for inclusion and exclusion of studies (see 
table 11), search string (components shown in table 12), quality assessment checklist 
(based on Kitchenham and Charters' [70] guidelines) and for data extraction and 
synthesis procedures. After building and tailoring the search string, the searches were 
performed on October 23rd of 2015. The study selection process followed the steps 
shown in figure 5. It started with an evaluation round of titles and abstracts with a 
random set of 100 studies, for creating a common ground of assessment between the 

                                                        
2 The protocol regarding the SLR of the study IV is available at http://goo.gl/6Jddw3. 
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participants. Then, the titles and abstracts of the remaining studies were assessed. The 
third activity in the study selection process was a one-iteration backward snowballing 
on the references of the selected studies in order to find additional evidence. All 
selected studies were then fully read for eligibility and quality assessment. Also, 
before the quality assessment, an evaluation round with 10 random selected studies 
was performed in order to ensure consistency for the quality assessment. The 
synthesis of results was done through summary tables. 

 
Table 11. Inclusion and exclusion criteria for the selection of studies in the SLR of study IV 

Inclusion Criteria Exclusion Criteria 

• Be a primary study in English; AND  
• address research on dementia and 

comorbidities; AND  
• use of at least one machine learning or 

microsimulation technique; AND  
• address the prognosis related to 

dementia and comorbidities. 

• Be a secondary or tertiary study; OR  
• be written in another language other 

than English; OR  
• do not address a research on dementia 

and comorbidities; OR  
• do not address at least one machine 

learning or microsimulation technique; 
OR  

• do not address a prognosis related to 
dementia and comorbidities. 

 

Table 12. Population, intervention, comparison and outcome (PICO) components, which guided the 
building of the search string used in the SLR of study IV 

Component Description 

Population Studies on dementia and its comorbidities. 

Intervention The use of machine learning or microsimulation techniques. 

Comparison No comparison was defined since the study aimed to characterize the 
research, therefore there was no comparison with other interventions. 

Outcome A prognostic estimate of dementia and its comorbidities.  
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Figure 5. Study selection process followed on the SLR of study IV. Abbreviations: A1, A2, A3, A4 and 
A5 refer to the first, second, third, fourth and fifth authors of the published paper from study IV, 
respectively.

7.1.2 Experiment 
Study V investigates prognostic estimates of older individuals as to their 
development, or not, of dementia in a time frame of 10 years. Additionally, study V 
presents the following attributes that address some of the  identified gaps in the 
literature, by study IV:

• A longitudinal population-based approach which considered a time frame for 
prediction of 10 years, which could open possibilities for the investigation of 
long-term interventions, which focus on measures to prevent or delay the 
onset of dementia, instead of pharmaceutical treatments.

• A broad multifactorial approach which considers demographic, social, 
lifestyle, medical history, biochemical tests, physical examination, 
psychological assessment and multiple health instruments currently used in 
addressing dementia; instead of employing unidimensional approaches.

The population of Study V consisted of the baseline examination (collected from 
2001 to 2003) of the Swedish National Study on Aging and Care (SNAC) at the 
Blekinge site. The SNAC project consists of a longitudinal cohort that collects 
multifactorial data from the older adult population in Sweden, in specific age groups 
(60, 66, 72, 78, 81, 84, 87, 90, 93 and 96+ years), to be used in the research on aging 
and care [88]. The following criteria determined exclusion from the study: (i) subjects 
who already had dementia at baseline; (ii) subjects who had missing values at the 
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outcome variable (dementia diagnosis at the 10 year mark of the study); (iii) subjects 
who presented more than 10% of missing values in the input variables; (iv) subjects 
deceased before the 10 years study mark; and (v) subjects who were diagnosed with 
dementia before the 10 year mark, since they could already have advanced progress 
of dementia at baseline. The final sample of the study comprised 726 subjects (313 
males and 413 females), of which 91 (12.5%) were given a diagnosis of dementia at 
the 10-year mark. 

In regards to data, study IV did not succeed in identifying important predictor 
variables, since the research has a substantial focus on neuroimaging. The input 
variables to be used by the decision tree for the prediction of the subjects who will 
develop dementia in 10 years were selected by senior researchers specialized in 
geriatrics and gerontology, considering a multifactorial approach for the prognosis of 
dementia (see table 13). The outcome variable was the diagnosis of dementia at the 
10 year mark of the SNAC Blekinge study (2010 to 2013). This outcome variable is 
binary and can take the values of 'no dementia' or 'dementia'.  

A decision tree approach was employed in order to build the prognostic estimates, 
due to its interpretability and the fact that it is a technique that has been used in 
medical contexts to investigate prognostic subgroups [99]. Data preparation consisted 
of the application of the KNN Imputation to handle the missing data, that was 
performed separately for each class (the K value was set to 3). Recursive Feature 
Elimination feature selection approach was applied in order to find an optimal subset 
of variables that maximize a performance [29]. To avoid bias by the decision tree 
classifier towards the majority class ('no dementia'), a cost-sensitive learning 
approach was employed, which applied a heavier penalty to the misclassification of 
the minority class ('dementia') [100]. All of the experiments were performed on a 5-
fold outer, 4-fold inner stratified nested cross-validation approach. The reduced 
number of folds in the cross-validation was due to the high class imbalance, in order 
to have enough examples of the minority class in every fold. Performance results are 
reported for each of the outer cross-validation test sets, and the choice of the model 
is given by the one which gives the median results in order to minimize the risk of 
selecting over optimistic models. The metrics used for the performance evaluations 
were: Area Under the Curve (AUC), Accuracy, Recall and Precision. 
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Table 13. Input variables selected by the specialized senior researchers 

Variable Type Variables 

Demographic Age, Gender,  

Social Education, Holds or not a Religious Belief, Participation in 
Religious Activities, Voluntary Association, Social Network, 
Support Network, Loneliness 

Lifestyle Light Exercise, Alcohol Consumption, Alcohol Quantity, Working 
State at 65 years, Physical Workload, Present Smoker, Past Smoker 
Number of Cigarettes a Day, Social Activities, Physically 
Demanding Activities, Leisure Activities 

Medical History Number of Medications, Family History of Importance, Myocardial 
Infarction, Arrhythmia, Heart Failure, Stroke, TIA/RIND, Diabetes 
Type 1, Diabetes Type 2, Thyroid Disease, Cancer, Epilepsy, Atrial 
Fibrillation, Cardiovascular Ischemia, Parkinson's Disease, 
Depression, Other Psychiatric Diseases, Snoring, Sleep Apnea, Hip 
Fracture, Head Trauma, Developmental Disabilities, High Blood 
Pressure  

Biochemical Test Haemoglobin Analysis, C-Reactive Protein Analysis 

Physical 
Examination 

Body Mass Index (BMI), Pain in the last 4 weeks, Heart Rate Sitting, 
Heart Rate Lying, Blood Pressure on the Right Arm, Hand Strength 
in Right Arm in a 10s Interval,  Hand Strength in Left Arm in a 10s 
Interval, Feeling of Safety from Rising from a Chair, Assessment of 
Rising from a Chair, Single-Leg Standing with Right Leg, Single 
Leg Standing with Left Leg, Dental Prosthesis, Number of Teeth 

Psychological Memory Loss, Memory Decline, Memory Decline 2, Abstract 
Thinking, Personality Change, Sense of Identity 

Health 
Instruments 

Sense of Coherence [89], Digit Span Test [90], Backwards Digit 
Span Test [90], Livingston Index [91], EQ5D Test [92], Activities 
of Daily Living [93], Instrumental Activities of Daily Living [94], 
Mini-Mental State Examination [95], Clock Drawing Test [96], 
Mental Composite Score of the SF-12 Health Survey [97], Physical 
Composite Score of the SF-12 Health Survey [97], Comprehensive 
Psychopathological Rating Scale [98] 
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7.2 Results 
This section presents the results achieved by studies IV and V, which are presented 
in the following. 

7.2.1 Study IV 
The results from the synthesis of the final 37 selected studies presented the research 
context of the prognosis of dementia with the use of machine learning and 
microsimulation techniques, in addition to identifying gaps in this field.  

The results show that the focus of the research on the prognosis of dementia is on the 
use of neuroimaging for predicting the development of Alzheimer's from MCI, mostly 
using the data from the ADNI database. This indicates that there is a very strong focus 
of the research in validating brain biomarkers to be used in pharmaceutical research. 
While efforts in prevention were inexistent, additionally, this also shows that the 
research is focused on individuals who already present some kind of cognitive 
deterioration and not how healthy individuals can come to develop dementia in the 
future. The time frame for the estimations is mostly up to 36 months before the 
development of Alzheimer's Disease, which may raise uncertainties regarding if this 
time frame would be adequate to apply interventions. Also, there is an absence of 
lifestyle and socioeconomic variables in the assessed models, which could be 
considered a research gap. Data censoring is not addressed in the vast majority of the 
studies, which may raise questions if right censoring was considered in these studies. 
The focus of the research is mostly on individual estimations and little attention was 
given to populational projections about dementia. 35 out of the 37 selected studies 
employed machine learning methods. In terms of the techniques, the most frequent 
used were: Support Vector Machines (30 studies), Decision Trees (6 studies), 
Bayesian Networks (6 studies) and Artificial Neural Networks (3 studies). Note that 
one study can feature more than one machine learning technique. Only two 
microsimulation techniques were evidenced: time-to-event and grade of membership. 

7.2.2 Study V 
The results of the median model, given by the median AUC on the outer cross-
validation test sets, are the following: an AUC of 0.735, Accuracy of 0.745, Recall of 
0.722 and Precision of 0.289. Figure 6 shows the resulting decision tree of the median 
model, the main findings regarding it are pointed out in the following. 
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Figure 6. Decision Tree of the median model
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The most important predictive factor chosen by the decision tree algorithm was age, 
which is already believed to be a major risk factor for dementia [65]. Most of the 
variables present in the decision tree regard modifiable risk factors. These are: 
physical strength, present smoking, BMI, diabetes type 2 and alcohol consumption. 
However, without further investigation by trials there is no saying in regards to these 
factors being protective for preventing or delaying the dementia onset. Physical 
strength was present in every single branch of the tree. Additionally, there was a lack 
of variables related to the health instruments currently in use to perform psychological 
assessments for dementia, which may indicate that these instruments are insensitive 
for long-term prediction and little sensitive to mild cases. The only exception 
regarding health instruments was the Backwards Digit Span Test, which measures 
working memory. 

Regarding the performance results, it is important to notice that the lower value for 
the precision metric is a direct consequence of the cost-sensitive learning approach 
employed in order to give higher importance to the minority class ('dementia'). The 
effect of such an approach is a higher misclassification of the majority class, but since 
the priority relied on identifying factors that lead to dementia in 10 years, this 
consequence was considered acceptable, especially since the identified predictive 
factors in the decision tree are very relatable to health advice already given to the 
general population in order to maintain good health. 
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8 ETHICAL CONSIDERATIONS 

Both research contexts employed activities of data collection of human subjects. 
These were conducted in accordance with the Declaration of Helsinki with study 
protocols approved by research ethics committees, as in the following: 

• For the research context in diagnosis, the study was reviewed and approved 
by the Central Ethical Review Board in Stockholm (diary numbers: 2017/4-
31/4, 2017/1184-32, 2017/1773-32). 

• For the research context in prognosis, the study was evaluated and approved 
by the Research Ethics Committee at Lund (diary numbers: LU 604-00 and 
LU 744-00). 

 

In all data collection procedures, written informed consent was collected from the 
subject; and their legal guardian, in case of minors under the age of 18. In the case of 
older subjects that presented disabilities, if proxy interviews with relatives were 
necessary, this was done upon the informed consent of the subject. The recruitments 
in the studies were done on a voluntary basis and subjects could opt out of the study 
at any time.  

Data privacy procedures were employed in order to anonymize the data, which means 
that the researchers participating in the study at no point had access to any personal 
information of the recruited subjects. 

For the MRI examinations, regarding the research context on age assessment, some 
additional ethical issues need to be addressed, mainly because the subjects that 
partake this research include minors. The international guidelines of the World Health 
Organization pose the condition that the “risks should be minimized to no more than 
minimal” [101]. This means that the subjects participating in the research should not 
be put through a risk that corresponds to a minimal increment than the risk partaken 
in their daily lives. Two classes of risks could arise from the use of the MRI 
machinery: physical harm and psychological harm. The risk of psychological harm is 
derived from the prolonged immobility and the permanence in an enclosed narrow 
space. To minimize this risk, it was established a maximum duration for the 
examination (approximately 30 minutes), and the selected regions to be the target of 
the examination took into consideration the stress levels for the subjects that never 
enter their head inside the MRI machine, so examinations of the clavicle and arm 
were not considered for the studies. Additionally, the subject had access to a means 
to immediately stop the examination in case of any discomfort. In the case of risk of 
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physical harm in an MRI examination (as a result of the "missile effect" or 
malfunctioning of medical devices), a screening procedure was employed to assess if 
any existing condition would make it unsafe for the subject to go through the MRI 
examination; and also, the machinery went through regular inspections so to ensure 
safe functioning. In addition to these mitigation procedures, the conduction of MRI 
examinations was held by radiologists with years of experience and are trained to deal 
with complications that may arise. During the whole process of data collection, no 
undesirable irregular events came to happen. 
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9 DISCUSSION 

This chapter presents the discussion regarding the results achieved by the research 
contexts on diagnosis and prognosis, the application of machine learning in 
healthcare, and threats to validity on the studies included in this thesis. 

9.1 Diagnosis 
In the research context regarding diagnosis, an SLR was first performed in order to 
summarize the relevant evidence on the area of BAA with machine learning 
techniques (study I). Based on its results, experiments were designed for building 
models of  age estimation and discrimination between minors and adults; in regards 
to two approaches: one based on the radiologists' assessment (study II) and one based 
on deep learning (study III). Both studies made use of MRI as a non-ionising radiation 
imaging modality, acquired by the SAAS project. Study II achieved MAEs of 0.95 
years for male and 1.24 years for female subjects on the age estimation experiment 
(showing limited prediction power for ages older than 15) and accuracies of 90% for 
male and 84% for female subjects in the classification of minors and adults 
experiment. Study III achieved MAEs of 0.79 years for males (age range 14-20 years) 
and 0.99 years (age range 14-19 years) for female subjects on the age estimation 
experiment, and accuracies of 98% for males and 95% for female subjects in the 
classification of minors and adults experiment.  

One of the main findings of the work on this research context was that the deep 
learning approach showed superior results in comparison with the one based on the 
radiologists' assessment, in both types of models, even with the radiologist-based 
approach considering 5 ROI instead of one. This finding can be associated with the 
realization that the radiologists' assessment in stages was not precise enough for the 
estimation of age, since most of the female sample and a great portion of the male 
sample was on the last stage of the grading scale, in all assessed ROI. The hypothesis 
is that the deep learning method was able to identify more features in the images, than 
what is considered in the grading scale that the radiologists used, which focused only 
on the appearance of the cartilage tissue in the growth plates area. In addition to this, 
there is a possibility that the deep learning method could have taken into consideration 
other image elements, like the other ossification centers in the knee area that were not 
assessed by the radiologists, which are the fibula and the patella. However, being a 
black-box method, the deep learning approach does not provide an accessible 
solution, so confident inferences cannot be made as to exactly what was considered 
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in the model. There are some methods which were proposed in order to 'open' black 
box methods. However, these provide low abstraction level of explanation (e.g. which 
pixels are relevant to the estimation); and they explain only 'first-order' information, 
in which it is possible to identify which features are relevant to the estimation, but 
not the relation between then, or whether they are important alone or together [102]. 
These methods were not considered in the works in this thesis, due to the limitations 
as mentioned above. 

Most of the chosen machine learning methods, on both approaches, were black-box 
methods, with the only exceptions being the decision tree and naïve bayes, 2 out of 
the 6 methods explored in study II. This choice of methods was motivated by the SLR 
results and reflects the characteristics of the context of the application, which is the 
proposition of a diagnostic tool model for age assessment. Ideally, it is desired that a 
proposed model would present great performance and high interpretability, however, 
in real world problems this is not often possible and a trade-off between performance 
and interpretability needs to be thought out. It is crucial for a radiological diagnostic 
tool that is evaluating minors to be the most accurate as possible, especially 
considering the gravity of the outcomes for misclassification of a minor for an adult. 
Thus, the tradeoff favoured the performance. 

One important consequence of the lack of interpretability in machine learning models 
in the health studies is that it hinders the possibility of advances in the medical field. 
Machine learning provides a great potential in uncovering new patterns in data and 
interactions between features, which could generate new and interesting hypotheses 
to be further investigated in future pure science works. 

The importance of the findings in this research context regards that it is feasible to 
perform age assessment in youth and young adults without the use of ionising 
radiation, like in the traditional methods for BAA, with the employment of MRI. This 
finding addresses an important ethical issue of exposing minors to radiation without 
therapeutic purposes, which is also a gap in the research as identified by the SLR. 
The proposed automated approach also addresses the time spent on the assessment 
and inherent subjectivity of the traditional BAA. 

9.2 Prognosis 
In the work on the research context regarding prognosis, an SLR was first performed 
in order present the state of the art evidence on the studies on the prognosis of 
dementia with machine learning, then based on its results, an experiment was 
designed and carried out in order to investigate prognostic estimates for older 
individuals who come to develop, or not, dementia in a time frame of 10 years, using 
a decision tree approach. The proposed model achieved an AUC of 0.745 and recall 
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of 0.722. The points of novelty in this work include the 10 year interval for prediction 
and the broad multifactorial approach which considered 75 variables from multiple 
categories, including: demographic, social, lifestyle, medical history, biochemical 
tests, physical examination, psychological assessment and evaluation of multiple 
health instruments. 

The main findings in this research context regard the identification of possible 
modifiable (i.e. physical strength, present smoking habit, BMI, diabetes type 2 and 
alcohol consumption) and non-modifiable (i.e. past smoking habit, number of regular 
medications, Backwards Digit Span test) risk factors, and interactions between them, 
which could suggest patient subgroups of importance in regards to the dementia risk. 
The latter being a factor that is not often considered in studies involving risk factors 
[103]. Possible subgroups were identified for ages younger and older than 75 years, 
with the physical strength factor being important across all ages. 

One could argue about the achieved AUC of 0.745, and if the employment of more 
complex machine learning methods would provide better results. To address this 
issue, like in the previous research context, the trade-off between interpretability and 
performance was carefully considered.  First of all, dementia is a disorder that results 
in very grave outcomes for the individuals, which gradually lose independence and 
functioning, presenting poorer and poorer health indicators with time. Second, there 
is no known cure or disease-modifying treatments that can act on the symptoms. The 
early prediction of dementia just for the sake of correctly identifying individuals at 
risk, without knowing why they are in this situation, is not the most useful in this 
current state of affairs. Adding up to this, there is also evidence that points out a risk 
of depression, suicide and requests for euthanasia in individuals who receive an early 
diagnosis of dementia [104]. This situation is discussed as a serious issue, since an 
individual is being diagnosed with a highly debilitating condition, without the 
possibility of treatment or even a procedure for the alleviation of the symptoms, could 
be argued to be against the medical ethical conduct. Given all the aforementioned 
facts, it was established that the main focus on investigating prognostic estimates of 
dementia would be the interpretability of the model, and the uncovering of possible 
modifiable factors that are able to be acted upon in efforts of delaying or preventing 
the dementia onset.  

This research context managed to achieve reasonable results, considering the time for 
prediction, which are highly interpretable and provide ground for new hypotheses to 
be further investigated in trials in regards to modifiable risk factors and important 
patient subgroups. The importance of these results rely on the fact that they do not 
concern pharmacological efforts in regards to individuals which already present some 
degree of cognitive impairment, which are the focus of the research on the prognosis 
of dementia (evidenced by the SLR). 
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9.3 Machine learning in healthcare 
In both research contexts, machine learning technology was employed in order to 
augment the human capacity in some way. In the diagnosis context, the process 
involving bone development is already known and understood by physicians, 
however, when technologies such deep learning are employed it can explore new 
features in the images without any constraint imposed by a manual method, leading 
to a better performance in the estimation of age. In the prognosis case, the factors 
involved in the process of dementia in the older population (and possible interplays 
between them) are unknown and the application of machine learning is done in order 
to uncover patterns in the data, considering a large number of factors that would be 
too impractical to be manually analyzed.  

Both contexts highlight the importance of the application aspect in the various 
decision-making processes that will drive the choices of the technology that will be 
used in order to act on the problems at hand. The research contexts that are part of 
this thesis presented different priorities in terms of the necessity of a higher 
performance or a higher interpretability, which were given by the scenario and 
particularities of both cases. In the applied health technology field, the healthcare 
problem is both the beginning and the end for the employment of a certain technology. 

Another important aspect of the application of machine learning in healthcare 
problems is the multidisciplinary aspect, in which health and information technology 
researchers interplay. Using machine learning to build and validate models is a 
straightforward process, however it is the domain experts are able to create and select 
high quality examples that will allow the employment of machine learning. Also, the 
domain expert needs to be in the loop in order to interpret, validate and identify 
possible points of improvement or failure. 

One important methodological consideration to be made in regards to the use of 
machine learning in the healthcare domain is its robust exploratory features and could 
be considered an inductive type of research, but it differs from the 'pure induction'. 
In the 'pure induction' there is a hypothesis h and a body of evidence e and the problem 
is if e justifies h. However, in the machine learning's case the e is known, but there is 
no h to explain it. So, the objective is to use methods to obtain a suitable h from e 
[105]. Machine learning works by being a mechanical (or automated) way to discover 
new hypotheses in a way that “is not only taken as the inference from observations to 
given general rules. It includes the search for these rules in a large set of 
possibilities” [106]. These new uncovered hypotheses need to be further investigated 
and validated by trials before any new application is translated to a clinical 
application. 
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Machine learning is a technology that can expand the human limitations in regards to 
tasks that are impractical or rather impossible to be manually performed. It offers 
great potential in the healthcare scenario by uncovering new hypotheses in complex 
scenarios like the ones that pertain to human health. 

9.4 Threats to Validity 
The threats to validity will be discussed in the following in regards to internal, 
external, construct and conclusion validities in the included studies in this thesis, 
along with actions taken in order to mitigate risks.  

9.4.1 Internal validity 
The internal validity refers to experimental designs and means that the observed 
outcomes are related to the studied interventions, and not other possible causes [107]. 
A possible internal validity threat that can be related to the experiments in this thesis 
is selection threat, which is the case in which the selection of the population can affect 
the outcomes [107]. The mitigation of this threat on the experiments in this thesis was 
done by recruiting subjects on a voluntary basis on studies II and III, also the data 
used by study V from the SNAC project consists of a randomized sample of the older 
population. On the experimental level it was done by the employment of cross-
validation approaches. 

Another source of threat to internal validity is the choice of machine learning methods 
that were employed to build the models in the experiments. To mitigate this threat, in 
both research contexts that pertain to this thesis, SLRs were performed, on 
beforehand, in order to identify the machine learning techniques being used in the 
research, so the choices were made based on previous published works.  

9.4.2 Construct Validity 
Construct validity refers to whether the measures that are being studied actually 
represent what  the study intends to investigate [108]. This validity threat is mostly 
related to study II, where radiologist assessments and data from questionnaires, filled 
by the subjects, were the source of input data. To mitigate the first, the radiologists 
responsible for the assessment were specialized in pediatric radiology, were trained 
on the grading scale on beforehand, and a triangulation approach was used, in which 
more than one radiologist assessed the images of each subject. In regards to the 
questionnaire, it was validated in previous studies, in similar populations [109]. In 
study V, the data collected by the SNAC project employed the Good Clinical Practice 
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(GCP) standards for  clinical studies and all of the examinations and tests were 
performed by trained physicians, nurses and psychologists. 

9.4.3 External Validity 
The external validity regards the extent to which the achieved results are 
generalizable [110]. For the SLRs of studies I and IV, the execution followed a 
systematic approach pre-defined by a protocol and an inclusive approach was used 
that even if all of the inclusion criteria were not present on the abstract of a paper, it 
would be included to be fully read and re-checked. Studies II and III built predictive 
models on data from Swedish healthy young subjects as specified in their respective 
methods, therefore results may not be generalizable to individuals who present health 
conditions that affect bone development, or originated from places with 
socioeconomic conditions that disparate from the Swedish one. Likewise, the 
estimation model produced in study V was built on data from the older population in 
Sweden, and may not generalize to other older populations with different 
socioeconomic conditions. 

9.4.4 Conclusion Validity 
Conclusion validity threats concern the risk of drawing inaccurate conclusions from 
the data [107]. In regards to this threat to validity, it is important to note that the 
experiments performed in the studies II, III and V, do not establish cause-effect 
conclusions. Especially in the field of health applications, it is important that the 
results are investigated in randomized clinical trials (RCT). The conclusion from the 
experiments presented in this thesis provides new hypotheses to be tested in RCTs, 
which is a very important step in the clinical translation process. Also, on an 
experimental design level, the employment of mechanisms to avoid overfitting 
(approaches in which data used for model optimization is not used to assess 
performance) mitigated the chance of producing erroneous models. In study II, 
statistical testing was not used in order to choose between machine learning models, 
which could be considered a threat to conclusion validity, however study II did not 
produce good results for the age estimation in the explored techniques due to the data 
used, the radiologists assessment, not being precise enough for the classification (one 
of the main conclusions of the diagnosis research context). 
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10  CONCLUSION 

This thesis comprised five research papers that aimed at investigating the application 
of machine learning in healthcare. This application considers machine learning as an 
applied health technology, which is driven to the solution of specific practical 
problems. Two research contexts were considered in this thesis: (i) diagnosis, with 
the problem of age estimation of youth and young adult individuals; and (ii) 
prognosis, with the problem of the prognosis of dementia. The development of 
solutions in these contexts was dependent on the collaboration of a multidisciplinary 
team of experts and presented different priorities in regards to interpretability and 
performance. 

In the research context of diagnosis, studies I, II and III investigated age assessment 
methods, using MRI and addressing the drawbacks in the traditional methods of 
BAA. Study I was an SLR that provided the state of the art evidence of BAA methods 
with the use of machine learning, which indicated that the research investigated 
automated and non-automated methods in regards to the human input to the system, 
most of the methods made use of radiographs of the hand area and non-radiological 
data was scarcely explored. Study II investigated a non-automated approach for the 
assessment of age, which was based on the radiologists' assessment and non-
radiological data. The age assessment models presented limited prediction power for 
ages older than 15,  achieving MAEs of 0.95 years for male and 1.24 years for female 
subjects on the age estimation experiment and accuracies of 90% for male and 84% 
for female subjects on the classification of minors and adults. Study III proposed an 
automated method for age assessment, based on deep learning, achieving MAEs of 
0.79 years for male (age range 14-20 years) and 0.99 years (age range 14-19 years) 
for female subjects on the age estimation experiment, and accuracies of 98% for male 
and 95% for female subjects on the classification of minors and adults. It was 
concluded that the radiologist's assessment was not precise enough for the age 
estimation and that the deep learning method was able to extract more features from 
the MRIs, providing better performance. 

In the research context of prognosis, studies IV and V investigated prognostic 
estimates for the dementia disorder. Study IV summarized the relevant evidence in 
this through conducting an SLR on the prognosis of dementia with machine learning 
techniques. The results showed that the focus of the research lies on models for the 
prediction of MCI patients who developed Alzheimer's disease, usually in 36 months, 
through the analysis of neuroimaging. Study V proposed a multifactorial decision tree 
approach for the prognosis of dementia in older individuals as to their development 
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or not of dementia in 10 years. The proposed method achieved an AUC of 0.75 and 
recall of 0.72, identifying possible modifiable and non-modifiable risk factors, and 
possible patient subgroups of importance. 
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11 FUTURE WORK 

Proposition for future works should revolve around clinical studies in order to 
validate and investigate further the results obtained by the estimation models built on 
both research contexts in clinical trials, which constitutes the next step in the process 
of transportability of findings to the clinical practice. 

In the research context of diagnosis, future efforts could be directed to explore the 
explainable artificial intelligence methods in order to 'open' the deep learning black 
box, and have its results evaluated in conjunction with radiologists in a quantitative-
qualitative mixed methods approach. 

In the research context regarding prognosis, it would be interesting to perform 
validation studies on the other sites of the SNAC project. The model presented in 
study V was built on the data from the Blekinge site. 
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Abstract

Background

The assessment of bone age and skeletal maturity and its comparison to chronological age

is an important task in the medical environment for the diagnosis of pediatric endocrinology,

orthodontics and orthopedic disorders, and legal environment in what concerns if an individ-

ual is a minor or not when there is a lack of documents. Being a time-consuming activity that

can be prone to inter- and intra-rater variability, the use of methods which can automate it,

like Machine Learning techniques, is of value.

Objective

The goal of this paper is to present the state of the art evidence, trends and gaps in the

research related to bone age assessment studies that make use of Machine Learning

techniques.

Method

A systematic literature review was carried out, starting with the writing of the protocol, fol-

lowed by searches on three databases: Pubmed, Scopus and Web of Science to identify the

relevant evidence related to bone age assessment using Machine Learning techniques.

One round of backward snowballing was performed to find additional studies. A quality

assessment was performed on the selected studies to check for bias and low quality studies,

which were removed. Data was extracted from the included studies to build summary tables.

Lastly, a meta-analysis was performed on the performances of the selected studies.

Results

26 studies constituted the final set of included studies. Most of them proposed automatic

systems for bone age assessment and investigated methods for bone age assessment
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based on hand and wrist radiographs. The samples used in the studies were mostly compre-

hensive or bordered the age of 18, and the data origin was in most of cases from United

States and West Europe. Few studies explored ethnic differences.

Conclusions

There is a clear focus of the research on bone age assessment methods based on radio-

graphs whilst other types of medical imaging without radiation exposure (e.g. magnetic reso-

nance imaging) are not much explored in the literature. Also, socioeconomic and other

aspects that could influence in bone age were not addressed in the literature. Finally, studies

that make use of more than one region of interest for bone age assessment are scarce.

Introduction

Motivation

Bone development is the process that drives changes in bones’ size, shape and degree of miner-

alization. This happens in primary and secondary ossification centers, namely diaphysis and

epiphysis, respectively, where cartilage gradually turns into bone tissue. This process persists

as long as cartilage remains in the growth plate (or epiphyseal plate). At the end of the bone

development process the epiphyseal plate is ossified, indicating that the diaphysis and epiphy-

sis are fused [1].

Other important concepts that relate to such topic are skeletal maturity, bone age and chro-

nological age. Skeletal maturity refers to the stage of development in which the bone is cur-

rently in [1]. Bone age is a closely related concept to skeletal maturity, and relates to the

estimation of an age based on an individual’s skeletal maturity [2], whereas the chronological

age is calculated based solely on an individual’s date of birth.

The importance of assessing an individual’s skeletal maturity or bone age and its compari-

son with their chronological age arises from two main angles: First, from a medical angle, the

assessment of bone age is useful for the diagnosis and treatment of pediatric endocrinology,

orthodontics and pediatric orthopedic disorders, in addition to also being considered in esti-

mations of an individual’s final height [3]. Second, from a legal standpoint, bone age assess-

ment is important in order to identify whether an individual is a minor in a situation where

verified documents are lacking.

This latter aspect is extremely important given the growth in number of asylum seekers in

Europe, where unaccompanied individuals under the age of 18 are granted special rights by

the United Nations (UN) Convention on the Rights of the Child [4], which relate to reception

arrangements, access to health care, education etc [5].

A report from the United Nations Refugee Agency (UNHCR) stated that individuals under

the age of 18 contributed to 52% of the refugees population in 2017; and also in 2017 around

173,800 refugees children were unaccompanied or separated from their parents, in what the

UN considers a “conservative estimate” [6]. Given such circumstances, the assessment of bone

age and skeletal maturity constitute an important research topic nowadays.

Current scenario of bone age assessment

Currently, the two most commonly used procedures for bone age assessment are the Greulich-

Pyle (GP) and Tanner-Whitehouse (TW) methods [1]. Both are based on hand radiographs
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via the analysis of the epiphyses’ and diaphyses’ appearance. The GP method [7] is an atlas that

contains reference images from hand radiographs collected from 1931 to 1942, from upper-

middle class Caucasian children in Ohio, United States [1]. The attribution of bone age is done

by comparing an individual’s hand radiograph with the reference images in the atlas [3]. The

TW method [8] evaluates maturity scores for the radius, ulna, carpals and 13 hand short

bones. Some of these bones are evaluated and categorized into stages ranging from A to I, then

a total score is calculated, which is later converted into the bone’s age. The TW method was

developed with data collected from 1950 to 1960, from children of average socioeconomic

class in the United Kingdom. This method was further updated in 2001 based on new consis-

tent patterns of development (secular trends) [3].

Besides their popularity, both GP and TW methods are criticized for many reasons. In a

practical sense, since they are manually done by radiologists, the whole process can be time-

consuming, which is aggravated by the increased demand for this activity due to the increase

of individuals seeking refuge. Further, they can be prone to inter- and intra-rater variability,

which raises ethical and legal issues, especially when considering that these assessments are

done in relation to an individual being a minor or not [9].

In light of this scenario, a way to tackle these problems is to make use of automated meth-

ods, and a technology that is valuable in this matter is Machine Learning. This technology is

already employed in many areas of medical research, ranging from genomics to diagnosis and

prognosis of many disorders, aiming to find patterns in data and to provide useful estimates to

improve decision making in the health area [10]. Machine Learning comprises a group of tech-

nologies that operates in the following way: firstly, the technique learns from a set of examples

on how to perform a task, creating a model which encapsulates the knowledge to perform the

task. Then, when new data is imputed, the model is able to correctly perform the learned task

within an acceptable accuracy [11].

Systematic review of the literature on bone age assessment

Given the motivations and scenario abovementioned, this paper contributes to the literature

on age assessment as it describes a systematic literature review (SLR) that presents the state of

the art on the use of Machine Learning techniques in the context of bone age and skeletal

maturity assessment, a theme not previously addressed by SLRs. Hereby answering the

research question: “How Machine Learning techniques are being employed in studies con-

cerning youth age assessment (10 to 30 years)?”.

This paper is organized as follows: the Method section details the approach used to conduct

the review, which followed the recommendations of the Preferred Reporting Items for System-

atic Reviews and Meta-Analyses (PRISMA) Statement [12]; the Results section aggregates and

synthetizes the data from the studies included in the review; the Discussion section argues

about the results and provides considerations related to threats to validity; and finally the Con-

clusion section presents the final statements and comments on future work.

Materials and methods

A systematic literature review (SLR) is an approach in which a significant and representative

sample of the literature regarding a certain topic is identified, evaluated and interpreted. This

is done by executing a comprehensive search following a pre-defined method that specifies the

research questions the SLR aims to answer, the criteria used to include and exclude studies,

how to assess their quality and how to extract and make the synthesis of the data [13–14]. The

common motivations for executing an SLR are: to summarize next to all the evidence about a
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topic of interest; to find research gaps; to provide a grounding for new research; and to investi-

gate how the research that is currently being done supports a certain hypothesis [13].

The SLR presented herein was conducted by four participants with different expertise

(health, machine learning and health informatics). Throughout the text, references to the

authors will use a notation, in which A1 refers to the first author; A2 refers to the second

author, and so forth.

The main question this SLR aims to answer is: “How machine learning techniques are

being employed in studies concerning youth age assessment (10 to 30 years)?”. This main

question is further decomposed into the following five research questions.

• RQ1: Which machine learning techniques are being used in the age assessment studies?

• RQ2: What data characteristics (database’s origin, data collection mechanism, and ages) are

being considered in the age assessment studies?

• RQ3: What type of medical imaging are being used in the studies?

• RQ4: What are the regions of interest being explored for the age assessment studies (hand,

wrist, knee, etc) and what were the methods used to assess them?

• RQ5: What are the performances of the proposed methods?

For the RQ5, besides the SLR steps to summarize the information regarding the perfor-

mances of the studies, a meta-analysis was also conducted. A meta-analysis is the application

of statistical operations in order to synthetize the results of individual studies, so they can be

understood in the context of all selected studies [15].

The protocol that guided this SLR can be found at: http://tiny.cc/4wuw8y.

Search strategy

The search strategy used to find primary studies employed a search string built based upon the

PICO framework, in which the main question is re-written in terms of four elements: Popula-

tion, Intervention, Comparison and Outcome [14]. The “comparison” component was not

used because the goal of SLR detailed herein was to characterize existing evidence. The compo-

nents used for the automated searches are defined below.

• Population: Studies involving age assessment in youth.

• Intervention: Use of medical imaging.

• Outcome: Machine learning models for age assessment.

The resulting search string used to conduct the automated searches is shown in Table 1.

The searches were performed in Pubmed, Scopus and Web of Science databases (with the nec-

essary adaptations).

Study selection

Two sets of searches were executed in this SLR. The first was carried out on March 21st 2018,

and the second on February 6th 2019, aiming to search for additional evidence since the first

search was conducted. The procedure for each search is detailed next.

After the removal of duplicates, the first search screened 148 studies, assessing titles and

abstracts, guided by the inclusion and exclusion criteria (see Table 2). Four participants took

part in this procedure, with A1 evaluating all of the papers and A2, A4 and A6 one third each.

The Cohen’s Kappa was calculated as a measure of consensus between A1 and the other
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authors, resulting in strong agreements with all of them (0.73 with A4, 0.76 with A2 and 0.70

with A6). A total of 65 studies were selected to be fully read and assessed for eligibility.

One round of backward snowballing was performed on the 65 selected studies’ references,

searching for additional evidence, and following an analogous process to the previous assess-

ment. After screening 2124 items, 2 additional studies were selected. This step was performed

by A1, and the remaining participants were consulted when necessary, based on their

expertise.

In total, 67 studies were selected for eligibility assessment. These were fully read and re-

assessed as per the criteria shown in Table 2. A quality assessment was also performed to mini-

mize the chance of selecting studies with bias evidence. The quality questionnaire was adapted

from Kitchenham’s guidelines [13] for performing SLRs, and is detailed in the SLR protocol. If

a paper fell below the threshold of 8 points (out of 13) it would be removed from SLR due to

quality reasons. The threshold was defined in meeting with all of the participants. A consider-

able amount of papers was removed from the SLR in this phase, because during the selection

based on title and abstracts many abstracts did not contain all the information necessary to

judge the inclusion and exclusion criteria, so they were included to be re-assessed when fully

Table 2. Inclusion and exclusion criteria for assessing the retrieved papers.

Inclusion Criteria Exclusion Criteria:

• Be a primary study in English; AND

• Have been published in the last 10 years; AND

• Address the research on age assessment using medical

imaging; AND

• Be a study concerning the building of models for the

purpose of age assessment using at least one machine

learning technique; AND

• Be a study in which the age assessment is analyzed

through growth zones in joints; AND

• Be a study regarding age assessment in living individuals.

• Be a secondary or tertiary study; OR

• Have been published before 2007; OR

• Be written on another language other than English;

OR

• Do not address research on age assessment using

medical imaging; OR

• Do not address the building of models for the

purpose of age assessment; OR

• Be a study concerning height prediction, or a

specific syndrome/disease that affects normal growth;

OR

• Be a study in which the age assessment is not

analyzed through growth zones in joints; OR

• Be a study in which the study population is out of

the range of 10 to 30 years old by 3 years or less; OR

• Be a study in which the study population is post-

mortem material.

https://doi.org/10.1371/journal.pone.0220242.t002

Table 1. Search String used in the Pubmed database.

Search Dates 21/03/2018 and 06/02/2019

(((“age assessment” OR “age appraisal” OR “age diagnostics” OR “age estimate” OR “age estimation” OR “age

determination” OR “age prediction” OR “age testing”) AND (“bone age measurement” OR “bone age assessment”

OR “bone maturity” OR “bone development” OR “bone age testing” OR “bone age tests” OR “skeletal maturity”

“skeletal maturation” OR “bone examination” OR “skeletal development” OR “developmental assessment” OR

“bone age” OR “skeletal age” OR “growth zone”)) AND (“Magnetic Resonance imaging” OR “MRI” OR “x ray” OR

“x-ray” OR “xray” OR “Radiography” OR “computed tomography” OR “CT” OR “ultrasound” OR

“ultrasonography” OR “medical imaging”) AND (“machine learning” OR “unsupervised Machine Learning” OR

“supervised Machine Learning” OR”Classification” OR”Regression” OR”Kernel” OR”Support vector machines”

OR”Gaussian process” OR”Neural networks” OR”Logical learning” OR”relational learning” OR”Inductive logic”

OR”Statistical relational” OR”probabilistic graphical model” OR”Maximum likelihood” OR”Maximum entropy”

OR”Maximum a posteriori” OR”Mixture model” OR”Latent variable model” OR”Bayesian network” OR”linear

model” OR”Perceptron algorithm” OR”Factorization” OR”Factor analysis” OR”Principal component analysis”

OR”Canonical correlation” OR”Latent Dirichlet allocation” OR”Rule learning” OR”Instance-based” OR”Markov”

OR”Stochastic game” OR”Learning latent representation” OR”Deep belief network” OR”Bio-inspired approach”

OR”Artificial life” OR”Evolvable hardware” OR”Genetic algorithm” OR”Genetic programming” OR”Evolutionary

robotic” OR”Generative and developmental approaches”))

https://doi.org/10.1371/journal.pone.0220242.t001
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read. The responsible for fully reading the papers was A1, but A2, A4 and A6 were also con-

sulted when necessary. A total of 22 studies were selected by the first search.

On the second search, 29 studies were screened analogously to the first search, resulting in

19 studies to be fully read and assessed for eligibility. The same quality assessment question-

naire was applied to the studies afterwards. A1 performed the selection process of the second

search and A2, A4 and A6 were consulted when pertinent. In total, 4 studies were selected on

the second search.

All of the selected studies were also assessed for the risk of cumulative evidence bias. This

means that studies from the same group or same age assessment system were checked. Valida-

tion studies of a system that was already included in the set of selected studies were considered

duplicates and not included in the final set, but will be further referenced when necessary. The

final set of selected studies consisted of 26 papers.

Data collection

Table 3 lists the data extracted from the studies. Besides these, other basic information was also

extracted (i.e. authors, journal/source, year and type of publication).

Data analysis

From the data collected, summary tables were built to summarize the results for the SLR and

to answer the research questions. The meta-analysis of BAA performances was done through

the average of the performances weighted by the sample sizes. The software used to perform

the data analyses was Excel.

Results

The PRISMA flow chart that describes the process of selection of the articles that were

included in this SLR is shown in Fig 1.

The study selection resulted in the assessment of eligibility of a total of 86 studies (67 from

the first search and 19 from the second), from which 26 were included in the final set (22 from

the first search and 4 from the second). The most common reasons for ineligibility were: the

case where the age assessment method was not performed on growth zones in joints (e.g. den-

tal assessment), totaling 30 studies; cases where no ML technique was employed, totaling 7

studies; cases where the study population was mostly out of the range of 10 to 30 years old; and

Table 3. Data extracted from the selected studies.

Variables Definition

Aim The goal of the built model or the proposed study.

Age range of the subjects The age range which the model for age assessment is concerned with.

Origin of the subjects Characteristics related to the country/ethnicity of the subjects which the model is

built upon.

Type of Image Radiography, Magnetic Resonance Imaging (MRI), Ultrasound etc.

Regions of Interest for the

images

Body part which the model analyses for the age assessment purposes.

Model Building Technique The ML model building technique used to build an age assessment method.

Method used for age

assessment

Method for age assessment that the model was built upon, if any (i.e. TW, GP).

Dataset size The sample size utilized by the study.

Performance Performance achieved by the best proposed model for bone age assessment.

https://doi.org/10.1371/journal.pone.0220242.t003
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Fig 1. PRISMA flow chart.

https://doi.org/10.1371/journal.pone.0220242.g001
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cases where no age assessment model was proposed. The complete list of reasons for exclusions

with its respective numbers is shown on Fig 1.

In the list of included papers, two studies were found to be from the same research group

[16–17], and used the same data e related techniques. After being assessed for cumulative bias,

it was decided that only the most recent [16] would be kept.

The complete list of included studies is presented in S1 Table, as supporting information

(see S2 Table for the filled PRISMA checklist).

Overview of the included Studies

Table 4 shows the summarized data arranged by the documented aims of the included studies.

Eleven studies aimed to propose a new approach for an automatic Bone Age Assessment

(BAA). Note that “automatic BAA system” means a fully automated approach without human

intervention. These systems use a medical image as input and automatically detect the relevant

region of interest (ROI), followed by the bone assessment age through an algorithm.

Studies that aimed to propose a “non-automatic BAA system” have some degree of automa-

tion by the use of Machine Learning techniques, but are still dependent of some kind of

human input. Human interventions in these systems are usually related to the manual descrip-

tion of the information contained in the medical image to be inputted in the system. The man-

ual location of regions of interest (e.g. epiphyses and metaphyses) and the assessment of the

image by radiologists as to specific stages of ossification or tissue analyses are examples of

interventions performed by humans in these systems. The “non-automatic BAA systems” were

present in 7 studies in the SLR.

Three studies, besides proposing a new BAA approach, compared its results to the tradi-

tional TW method, obtaining better results in terms of performance or time spent. The study

by Fan et al. [37] proposed models to estimate age from the ossification stages of the knee

using MRI and Radiograph images, yielding better results for the MRI images.

In addition to these, there were other studies that did not propose either automatic or non-

automatic BAA, as follows: the study by Soegiharto et al. [38] compare the skeletal maturation

Table 4. Aims of the studies included in the SLR.

Aim Number of

Studies

Featured

Studies

Proposed an automatic BAA system. 10 [16, 18–26]

Proposes a non-automatic BAA system. 7 [27–33]

Proposes a non-automatic BAA system. Also, test how reliable is the TW method

in the western Australian population.

1 [34]

Proposes a non-automatic BAA system and compares to TW3 1 [35]

Proposed an automatic BAA system and compared with the manual BAA 1 [36]

Comparison between age assessment with MRI and Radiograph 1 [37]

Predicts the Skeletal Maturity Index (by Fisherman) from the chronologic age

and compares the results of the American sample and Indonesian sample

1 [38]

Proposes a simplified version of the TW3 method 1 [39]

Examines sex-specific differences in the maturation time of the bones in the

hand and wrist in two cohorts of children subjects to investigate secular trends.

1 [40]

Investigated the effect of the African-American ancestry, linear growth, body

composition, and pubertal maturation on the skeletal maturation in a cohort of

non-obese children and adolescents.

1 [41]

Investigates the persistence of the epiphyseal scar of the distal radius and its

relationship with chronological age and sex.

1 [42]

https://doi.org/10.1371/journal.pone.0220242.t004
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index and the cervical vertebrae maturation in two cohorts, one composed of Indonesian sub-

jects and other by Caucasian subjects. For both methods, the Indonesian children attained

maturation stages from 0.5 to 1 year later in comparison with the Caucasian subjects. This

study also proposed a model to predict the skeletal maturity index from chronological age that

achieved good accuracy results in both cohorts. The study by Hsieh et al. [39] aimed to build

on the TW method in an effort to simplify the RUS (Radius, Ulna and short bones) system

assessment, in a way that only 9 out of the original 13 bones are assessed, reducing the time

and effort needed for the BAA. An important study by Duren et al. [40] investigates the

changes in bone maturation in two cohorts, one with subjects born between 1930 and 1964

and other with birth years between 1965 to 2001. The results showed that in the most recent

cohort, the skeletal maturity was more advanced than in the earlier cohort for boys between

ages of 0 to 8 years and 10 to 18 years, and girls between the ages of 4 to 17 years. McCormack

et al. [41] conducted a longitudinal study with duration of 7 years, that performed annual

assessments in children and adolescents from the African American and non-African Ameri-

can ancestry to investigate the effect of ancestry, height, BMI and pubertal maturation on the

skeletal maturation. The results yielded that the subjects with African American ancestry had

more advanced skeletal maturation, even when accounting for age, body composition and

pubertal maturation. Lastly, the Davies et al. study [42] examine the presence of the epiphyseal

scars in subjects after the bone growth ended. An epiphyseal scar is a thin layer of cartilage that

remains between the diaphysis and epiphysis after they are completely fused. It is known that

they remain for some time after the fusion, and the study in question investigates the bounds

in which this occurs, concluding that subjects of the age of 50 still had visible epiphyseal scars.

Employed machine learning methods

This section aims to answer the research question RQ1 “Which machine learning techniques

are being used in the age assessment studies?”.

As shown in Table 5, the most frequently used techniques in the papers included in SLR

were Regression-based methods (13 studies), followed by Artificial Neural Networks (8 stud-

ies) and Support Vector Machines (5 studies). Other less frequent techniques featured in the

studies are: Bayesian Networks (2 studies), Decision Tress (1 study) and K-Nearest Neighbors

(1 study). These results will be further detailed next, where we also provide a brief explanation

of each of the techniques. Note that some studies used more than one technique.

Table 5. Summarized data about the ML techniques featured in the studies.

Machine Learning Techniques Number of

Studies

Regression-based

methods

Linear regression [28–29, 29], Rule-based regression [28], General

Linear Model [42], Mixed Effects Model [40–41], Logistic regression

[40], Multiple Regression [38], Multivariate linear Stepwise regression

[33], Polynomial Regression [34], Linear Discriminant analysis [31],

Transition Analysis [30], Regression [18, 32, 37]

13

Artificial Neural

Networks

Artificial Neural Networks [28, 35–36], Fuzzy Neural Networks [19], 4

Convolutional Neural

Networks

Convolutional Neural Networks [22–25] 4

Support Vector

Machines

Support Vector Machines [16, 21, 26, 28] 4

Bayesian Networks Bayesian Networks [27], Gaussian process [28] 2

Decision Trees Random Forest [20] 1

K-Nearest Neighbors K-Nearest Neighbors [26] 1

https://doi.org/10.1371/journal.pone.0220242.t005
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The Regression-based methods aim in finding the effect of a set of independent variables

in a dependent variable of interest. This is done by identifying a non-deterministic function

(prone to random errors) that models the influence of the independent variables towards the

mean of the dependent variable [43]. Despite being simple, Regression methods require a pre-

determined model for data fitting.

These were the techniques employed the most in the included studies, being typically

applied in the studies proposing non-automatic BAA systems, that is, systems that will require

some sort of human intervention (commonly the assessment of epiphyses or other aspect of

the medical image). Such studies aimed for a degree of automation, but also investigated the

influence of multiple Regions of Interest (ROI) in the BAA. The only exception was the study

by Thodberg et al. [18], which describes the BoneXpert, an automatic BAA system, which

locates the ROI in hand radiographs automatically, but computes the Bone Age itself using a

series of regressions.

An Artificial Neural Network is a technique that performs multifactorial analyses. It con-

sists of a multi-layer structure that contains nodes connected by weighted edges that establish

an input layer, one or more hidden layers and an output layer. With known input and output

values, the network is trained by adjusting the weights in an incremental way until the net-

work’s output approaches the known output [44]. This technique is a powerful predictor that

pairs well with image interpretation, but contrary to the regression case, this is a black

box technique in which the results are not able to be interpreted in an intuitive way [45].

A specialization of the Artificial Neural Networks technique, which was frequently used in

this SLR studies, is the Convolutional Neural Network. This technique enabled major

advances in computer vision problems, where a computer needs to understand an input image

to reconstruct its properties (i.e. color distributions, shapes, illumination etc) and perform a

task such as localization, segmentation or detection of certain image elements [46]. One major

difference from the traditional Artificial Neural Networks lays in its architecture, which is

commonly composed by an input layer that receives an image as input, several convolutional

and pooling layers, followed by several fully connected hidden layers, and finally the output

layer [47]. The convolutional layers perform an image’s feature extraction, and are organized

into feature maps; the pooling layers reduce the feature maps to a point of spatial invariance

(not affected by distortions and translations of the input image); and the fully connected layers

are responsible for the interpretation of the abstract feature representations learned by the pre-

vious layers [47]. In what concerns the training of such type of network, it is analogous to the

traditional Artificial Neural Network; however, it requires greater computational power and

larger amounts of data.

Six out of the 8 studies that featured Artificial Neural Networks and Convolutional Neural

Networks aimed to propose automatic BAA systems, which take as input a medical image and

return the bone age.

The Support Vector Machines technique was conceived to solve classification problems

and it is one of the most recently proposed ML techniques. The classification process happens

in the following way: given a set of labeled data (data points with known classes), the algorithm

maps the data points into a feature space (that does not include the outcome variable), then it

finds in this feature space the location that separates the classes in the with the maximum mar-

gin of separation [48]. This technique does not require a pre-defined model and works in sce-

narios where there is a high number of variables in comparison to the number of data points;

however, it still requires some algorithm considerations to be made beforehand (i.e. the choice

of a kernel function) [49].

In the studies included in this SLR, the support vector machines were employed mostly pro-

posing automatic BAA systems, in three out of the four cases.
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The Bayesian Network technique estimates the posterior probability of a data point being

of a certain class, given a set of features. The learning process happens in two phases: first it

learns the structure of the network, which is a direct acyclic graph composed of nodes (repre-

senting the features) and edges (representing the probabilistic dependencies), then it learns the

conditional probability distribution of each node [50]. The advantages of Bayesian Networks

are that they are able to encode the knowledge of domain experts in the graph structure and

they can work with smaller amounts of data, in comparison to other ML techniques [51]. A

great disadvantage is that Bayesian Networks may become impractical in problems with a

large number of variables.

Both studies that employed this ML technique proposed non-automatic BAA systems; one

of these studies (Cunha et. al [28]) compared various techniques, and the Bayesian Network

was not the best performing one.

Decision Trees aim in building a tree structure to represent knowledge that can be easily

translated into if-then rules. It follows a recursive learning process that begins with each fea-

ture being tested on how well it alone can classify the data points into a certain class. The best

one is set as the root node and the descendant nodes are set as the possible values (or ratios) of

the selected feature. Then, the data points are sorted according to this rule. This process repeats

until there are no possible splits [11]. The advantages of the Decision trees are that they are

easy to interpret, to understand the interactions between features, and they do not depend on

a pre-defined model [52]. The disadvantages are that they can be unstable and prone to overfit-

ting [53].

The Decision Trees technique was employed in only one study by Urschler et al. [20], but

in its ensemble form: Random Forest, which aims to address the abovementioned disadvan-

tages of decision trees. That study proposed as a non-automatic BAA system.

The K-Nearest Neighbors (KNN) algorithm maps a data point of unknown class to a fea-

ture space. Then it assigns it to the class pertaining its k nearest neighbors. In this case, the

concept of near is usually related to the Euclidean distance, but other measures can apply [54].

This technique is very simple and easy to implement, but it also considers all the features as

equal in terms of importance, what can be a problem if superfluous features are inserted in the

feature space [55].

The K-Nearest Neighbors technique was employed in the study by Harmsen et al. [26],

which proposed a non-automatic BAA system. This study compared the KNN to SVM, and

KNN presented worse performance.

Sample data characteristics

This section presents the results regarding the research question RQ2 “What data characteris-

tics (database’s origin, data collection mechanism, and ages) are being considered in the age

assessment studies?”

Table 6 shows the summary regarding the data’s origin in the samples of the included stud-

ies, grouped by region. Most of the studies utilized subjects from diverse countries of west

Europe (8 studies), followed by North America (7 studies), Asia (6 studies) and finally Austra-

lia (2 studies). Two studies made use of samples from two regions, one used to build a model,

and the other to validate the same model. Also, one of the studies reported no data origin, but

mentioned the ethnicity of the sample to be Caucasian.

Regarding the studies’ data collection, 20 out of 26 made use of private databases of medical

images, or queries in hospital databases, but six studies made use of public databases for their

experiments. These were:
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• Digital Hand Atlas of the University of Southern California (USC), which contains 1097

radiograph left hand images of subjects ranging from 0+ to 18 years of age, of both male and

female genders and of different ethnicities, denoted as: African American, Asian, Caucasian

and Hispanic.

• Radiological Society of North America (RSNA) Pediatric Bone Age Challenge 2017 Data-

base, which was an initiative that brought 37 teams to develop algorithms for BAA. This

database was developed by Stanford University and consisted of 12611 hand radiographs

from male and female subjects, ranging from 0+ to 19 years of age. This database was only

publicly available during the Challenge 2017 period.

• Image retrieval in Medical Applications (IRMA), which is a radiologic database brought

together by the Aachen University of Technology in Germany, where one of its goals is to

enable research in diverse automated classification problems involving radiographs. It com-

prises images from many body regions.

Note that few studies reported the ways used to verify the origin or ethnicity of the subjects

in the sample; several reported that this information was not available, which may be the case

when using private datasets. This problem is less significant in the case of the Asian studies,

which employed data on subjects from China and Taiwan, since the Han ethnicity is very

prominent in these countries reaching more than 90% of the total population and being the

largest ethnical group in the world [56–57]. Other factors such as socioeconomic aspects were

also not explored in the studies.

Regarding the subjects’ age ranges for the samples used in studies detailed in this SLR, these

were divided into 4 categories:

• Comprehensive Sample: sample contains data on subjects younger than 18 up to older than

18

• Bordering the age of 18: The maximum age of the sample is exactly 18 years’ old

Table 6. Summarized data regarding the origin of the subjects in the featured studies.

Region Data’s Origin Featured Studies Number

of

Studies

Europe Italy [31–32] 2 8

Austria [20] 1

Denmark [18] 1

Ireland [29] 1

IRMA Database [26] 1

Portugal [28] 1

Scotland [42] 1

North America United States of America [22, 40–41] 3 7

Digital Hand Atlas of the USC [16, 21] 2

RSNA Pediatric Bone Age Challenge 2017 Database [23–24] 2

Asia China [33, 35–37] 4 6

Taiwan [19, 39] 2

Australia Australia [30, 34] 2 2

Mixed RSNA Pediatric Bone Age Challenge 2017 Database and China [25] 1 2

Unite States of America and Indonesia [38] 1

Non-Specified Caucasian [27] 1 1

https://doi.org/10.1371/journal.pone.0220242.t006
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• Younger Subjects: the entire sample contains data on subjects younger than 18

• Older Subjects: the entire sample contains data on subjects older than 18

Table 7 shows that most of the studies, 17 out of 26, are employing a ‘comprehensive’ or a

‘bordering 18 years old’ sample, what may suggest that BAA is focused in assessing this specific

age. In fact, all of the North American (7 studies) and half of the European studies (4 studies)

focused their research on these types of sample. Eight studies were concerned with age assess-

ment of younger subjects. There is only one case of the category Older Subjects, which is the

study by Davies et al. [42], which aims to investigate the persistence of epiphyseal scars after

the fusion of the diaphysis and epiphysis. This study warns about methods that consider the

complete obliteration of the epiphyseal scars, since there are cases in which they remain not

entirely fused until the fifth decade of life.

Age assessment methods

Table 8 summarizes the data regarding the BAA methods, which is the focus of RQ3: “What

type of medical imaging are being used in the studies?”. Evidence shows that to date the research

being conducted in BAA favors the use of Radiographs over other types of medical imaging,

with 22 out of 27 studies utilizing this method. Two other studies used radiographs in conjunc-

tion with MRI. The study by Hillewig et al. [27] made use of radiographs for the regions of hand

and wrist, and MRI for the clavicle. Fan et al. [37] utilized these two methods in the knee region,

but comparing the performance of both for the BAA, which yielded better results for the MRI.

The studies that only featured MRI as the method of choice [20, 35] investigated the hand and

wrist regions and features related to the appearance of osseous structures in terms of signal

intensity provided by the MRI. The only case where a computer tomography (CT) assessed the

Bone Age in the region of the clavicle was the study by Franklin and Flavel [30].

Regions of interest

This section presents the summarized data used to answer RQ4: “What are the regions of inter-

est being explored for the age assessment studies (hand, wrist, knee, etc) and what were the

methods used to assess them?”.

As shown in Table 9, the research is very much focused on the hand region for estimating

Bone Age, accounting to 22 out of the 27 studies in this SLR; however, note that only in seven

cases the hand alone was employed in the models. Next, the wrist was the second mostly inves-

tigated region, present in 17 out the 27 studies; however, in the same way as the wrist, it was

employed exclusively in only two studies. In most of cases, data on both hand and wrist are

used, what can be explained by the easiness of getting both regions in the same image. Other

less frequent ROIs present in the BAA studies are the knee (2 studies) and clavicle (2 studies).

It is important to notice that in the case of the teeth and cervical, even if they are ROI, this SLR

focused in the BAA analyzed through growth zones in joints, so they were classified as “Other

variables”.

Table 7. Summarized data regarding the age ranges of the subjects in the features studies.

Sample’s Characteristics Featured Studies Number of Studies

Comprehensive Sample [20, 23–24, 27–30, 34, 36–37, 40] 11

Younger Subjects [18–19, 31–33, 35, 38–39] 8

Bordering the age of 18 [16, 21–22, 25–26, 41] 6

Older Subjects [42] 1

https://doi.org/10.1371/journal.pone.0220242.t007
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Other aspect that can be evidenced is that only 12 out of the 26 studies explored only one

ROI. Furthermore, only five studies employed additional variables not related to the assess-

ment of growth zones: dental assessment, cervical assessment, weight, height, DNA Methyla-

tion, Tanner scale, fat mass, lean mass and BMI.

With regard to BAA techniques, the research deviated from the classic BAA of growth

zones—the TW and GP methods, which were only present in five studies each. Furthermore,

computer vision techniques, which do not depend on any pre-existent guide, still have a subtle

presence in the BAA research, accounting for 8 out of 26 studies. This is enabled by the

advances in computing power and the existence of a large amount of digital labeled data [45].

Other techniques for BAA that were employed in specific ROIs are summarized in the

Table 10. Following the same trend as TW and GP, these are either based on maturity scores

or atlases.

Performance of the techniques in the included studies

The information regarding the performance of the techniques employed in the studies that pro-

posed systems for BAA was extracted and it is summarized in this section. Results show that a

Table 8. Methods used for BAA.

Type of Image Number Featured Studies

Radiograph 21 [16, 18–19, 21–26, 28–29, 31–34, 36, 38, 39–42]

MRI 2 [20, 35]

MRI, Radiograph 2 [27, 37]

CT 1 [30]

https://doi.org/10.1371/journal.pone.0220242.t008

Table 9. Summarized data regarding ROI, types of medical image, additional variables and techniques for BAA in the studies of the SLR.

Regions of Interest Type of Image Other Variables Techniques for BAA Featured Studies

Hand, Wrist MRI None Computer Vision [20]

Radiograph None Computer Vision [22, 24–25]

Radiograph None GP, TW, Computer Vision [18]

Radiograph None TW [34, 36, 39]

Radiograph None Fels Method [58] [40]

Radiograph Cervical Assessment Skeleton Maturation Index by Fishman [59] [38]

Radiograph Dental Assessment GP, TW [31]

Radiograph DNA Methylation, Dental Assessment GP, TW, DNA Methylation [33]

Radiograph BMI, Height, Tanner scale, Fat Mass, Lean Mass GP [41]

MRI Weight, Height TW [35]

Hand Radiograph None Computer Vision [16, 23, 26]

Radiograph None Gilsanz and Ratib [60] [21]

Radiograph None Own Method [19]

Radiograph None TW [28]

Wrist Radiograph None Cameriere et al. [61] [32]

Own method [42]

Knee Radiograph None O’Connor et al. [62] [29]

Radiograph and MRI None Kramer et al. [63] [37]

Clavicle CT None Schmeling et al. [64] [30]

Hand, Wrist, Clavicle Radiograph and MRI None Schmeling et al. [64], Kreitner et al. [65], GP [27]

https://doi.org/10.1371/journal.pone.0220242.t009
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wide variety of different metrics were used to measure a technique’s performance what makes

comparisons between studies difficult. The most commonly used metric was the mean average

error (MAE), which is the average of all the absolute errors, used by seven studies. Table 11

shows the studies that used this metric, and their performance information. The reported perfor-

mances were aggregated by means of the average of the performances weighted by the sample

sizes to perform the meta-analysis, so to understand the general performance of BAA systems.

The result of the weighted average was 9.96 MAE (months), which could indicate that BAA

systems could reliably predict the bone age of a subject from zero to 19 years old, but this

results should be regarded with caution since this statistic was based on only 7 out of the 20

studies that proposed BAA systems. The studies that employed the MAE metric had relatively

similar age ranges, but still varied in two of the studies which did not consider infant and chil-

dren subjects. Also, not all of the studies had a uniform sample in terms of age distribution. In

the RSNA challenge database, although the sample was large enough, only 0.1% of the sample

was composed of subjects of 18 years old and older, which is a very important bone age to be

predicted for legal reasons.

Table 10. Techniques for BAA by ROI.

ROI Techniques for BAA

Hand,

Wrist

Fels Method: This method was proposed as a less subjective way to assess skeletal age. It considers

ossification, radiopaque densities, bony projection, shape changes and fusion. It comprises 98

indicators of bone maturity, where 85 are categorical and are 13 continuous (epiphyseal and

metaphyseal fusion ratios) [58].

Skeleton Maturation Indicators by Fishman: It assesses the skeletal maturity based on the following

indicators: width of the epiphysis compared to the diaphysis (third and fifth fingers), gapping of

epiphysis (third and fifth fingers), fusion of epiphysis and diaphysis (third, fifth fingers and radius)

and ossification of adductor sesamoid of the thumb [59].

Hand Gilsanz and Ratib: This method consists of a digital hand atlas with reference images of 29 classes

from the ages of 0 to 18 with an additional class to represent subjects older than 18. [60]

Wrist Cameriere et al.: This is a quantitative method that proposes a mathematical formula based on the

ratio of the carpal area and the total area of carpal bones and epiphyses of the radius and ulna [61].

Knee O’Connor et al.: A method that proposes five stages of epiphyseal fusion for the femur, tibia and

fibula bones. It uses the frontal and lateral radiograph image of the knee [62].

Krammer et al.: A method that proposes five stages of epiphyseal fusion (from 1 to 5 of which stages

2 and 3 have 3 sub stages each) of the distal femur [63].

Clavicle Schmeling et al.: This method defines 5 stages of ossification of the medial clavicular epiphysis [64].

Kreitner et al.: This method is similar to the one proposed by Schmeling et al. (63), but instead of 5

stages there are 4, and the fourth stage is comparable to a combination of the stages 4 and 5 from the

Schmeling classification [65].

https://doi.org/10.1371/journal.pone.0220242.t010

Table 11. Performance of the comparable studies in terms of the mean absolute error (MAE) in months.

Proposed Method Dataset

size

Age

Range

Performance in MAE

(months)

Commentary

Ren et al. (2018) [25] 12480 0–18 5.2 2017 RSNA Pediatric Bone Age challenge entry, but the method is tested in a

different sample of age range 0–18.

Kashif et al. (2016) [21] 1101 0–18 7.26

Iglovikov et al. (2018) [24] 11600 0–19 7.52 2017 RSNA Pediatric Bone Age challenge entry

Zhao et al. (2018) [23] 12611 0–19 7.66 2017 RSNA Pediatric Bone Age challenge entry

Harmsen et al. (2013) [26] 1097 0–19 9.96

Urschler et al. (2015) [20] 102 13–20 10.2

Cunha et al. (2014) [28] 887 7–19 10.16

https://doi.org/10.1371/journal.pone.0220242.t011
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The remaining studies that proposed BAA systems, besides using a wide variety of different

performance metrics, also were more heterogeneous in terms of age ranges, making the com-

parison between them not viable. The results for the performances of the employed techniques

by the studies are shown in Table 12.

Discussion

Discussion of the current evidence

This SLR’s main findings can be summarized as follows: (i) Most studies aimed to propose an

automatic BAA system; (ii) The BAA research has focused on hand and wrist radiographs; (iii)

Most studies made use of samples from either the United the States or from West Europe; (iv)

Studies that considered ethnical differences were scarce and socioeconomic aspects were inex-

istent; (v) The estimations on Bone Age were using samples where subjects’ age ranged from

below to above 18 years of age, or bordering 18 years of age; (vi) The average performance

weighted by sample size of the compared studies resulted in a MAE of 9.96 months, but there

is still high heterogeneity in the studies what makes the comparing them a challenge.

The evidence gathered in this SLR suggests a clear trend towards automating the age identi-

fication within the context of BAA research. Most studies aimed at proposing automatic sys-

tems that would not require human intervention; however, a considerable amount of other

studies proposed systems that do not automate age identification but reduce the dependability

upon human input. We believe that either solution can be motivated by the following issues: i)

to reduce the subjectivity of the traditional BAA methods, which depend upon radiologists’

judgment and experience, and, as a consequence, can lead to inter-rater and intra-rater

Table 12. Performance of the non-comparable studies.

Proposed Method Dataset

size

Age

Range

Performance Commentary

Shi et al. (2017) [33] 124 6–15 0.47 (male) and 0.33 (female) MAE

(years)

Haak et al. (2013) [16] 1097 0–18 0.73 RMS The RMS metric is the root mean squared error is the square root of the

mean square error

Thodberg et al. (2009)

[18]

1559 2–17 0.42 (GP), 0.80 (TW) MSE The MSE is the mean squared error and measures the average squared

differences between the estimated and observed values.

Lin et al. (2012) [19] 600 0–14 0.26 MSE Predicts a bone age cluster instead of bone age.

Lee et al. (2017) [22] 8325 5–18 61.40% (male) and 57.32% (female)

accuracy

Maggio et al. (2016)

[34]

360 0–24 1.31 (male) and 2.37 (female) SEE

(years)

SEE is the standard error of estimate and measures the variation from the

regression line.

De Luca et al. (2016)

[32]

332 1–16 0.38 median of the absolute values of

residuals

O’Connor et al. (2014)

[29]

221 9–19 -2.0 to +2.9 (male) and -2.3 to +2.4

(female) range residuals

Pinchi et al. (2016) [31] 274 6–17 80.4% (male) and 83.3% (female)

accuracy

The TW method performed better than the proposed method for male

subjects (negative results).

Tang et al. (2018) [35] 79 12–17 0.13 (male) and 0.08 (female) mean

disparity (years)

The mean disparity is a metric that compares the mean chronological age of

all subjects to the mean estimated age for all subjects.

Hsieh et al. (2011) [39] 534 2–15 96.2% (male) and 95% (female)

relative accuracy

Measures the relative accuracy between the proposed method and the TW

method.

Franklin, D.; Flavel, A.

(2015) [30]

388 10–35 NA Create stages of ossification for the clavicle and compares to the bone age.

Hillewig et al. (2013)

[27]

220 16–26 NA Calculates the probability of being of bone age younger or older than 18

instead of the actual bone age.

https://doi.org/10.1371/journal.pone.0220242.t012
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variability [66–67]; ii) the traditional BAA methods are a time consuming activity, which

demand is increasing [66]; and iii) more automatic solutions could reduce assessment costs as

they would require radiologists to spend less time in such this activity [9].

Note that in relation to using an automated solution to chronological age identification, the

use of ML technologies appears to be a significant enabler of automatic BAA solutions; this is

observed in particular when using Convolutional Neural Networks for computer vision tasks,

which contrast with the use of regression-based methods techniques by systems that still

require some human intervention. As a remark, the GP atlas, which is being used nowadays as

a BAA, was not created to determine chronological age, but to compare the skeletal develop-

ment of children and adolescents to their chronological age [5]; nevertheless some studies still

used this method as the base for their investigations on age assessment.

Further, this SLR also showed that the research on BAA systems has focused upon methods

that employ hand and wrist radiographs. However, such choice of medical imaging on healthy

children and adolescents—the use of radiographs, hence radiation, without therapeutic pur-

poses could raise ethical issues [5]. When comparing radiographs with other forms of medical

imaging, such as Magnetic Resonance Imaging (MRI), there is the argument that the latter is

more expensive; however, on the other hand, the MRI technology offers better contrast resolu-

tion, which in turn offers a more accurate analysis of the growth plate, especially considering

3.0-T MRI [68]. The small presence of the MRI technology on the research on BAA could be

considered a gap in the research.

With regard to the predominant use in this SLR studies of hand and wrist as the focused

ROI, one can argue that this is a small area that contains a large concentration of epiphyseal

plates, thus making it easier to gather images from this region without much effort. Also, very

few studies investigated the BAA with more than one ROI whenever they were not using hand

and wrist, suggesting a gap in the current research.

This SLR also evidenced that two regions seem to show predominant interest in such

research—the United States and West Europe; such attention resulted in the creation of data-

bases of medical imaging (USC, IRMA and RSNA), and the Pediatric Bone Age Challenge

2017, which can be viewed as an effort to have standardization as basis of comparison of differ-

ent studies on this topic.

In what concerns a sample’s origin, most studies did not report on mechanisms used to

document it. In addition, the ethnicity aspect was not much explored in the studies and the

socioeconomic element was not investigated, what can be viewed as a gap in the current

research on BAA. Only two studies (Soegiharto et al. [38] and McCormack et al. [41])

approached the effects of ethnicity in skeletal maturation. Besides the contradictory evidence

in the literature about its influence [5], in this SLR both studies reported on differences in skel-

etal maturation on Indonesians and African Americans, in comparison to Caucasians, in the

way that the first mature later and the second matures earlier. In contrast to that, the study by

Thodberg et al. [18], which proposed a BAA system that is currently in commercial use—the

BoneXpert, investigated the BAA issue using samples of Japanese [69], Dutch [70] and Ameri-

can subjects of four ethnicities (African American, Asian, Caucasian and Hispanic) [71].

Furthermore, regarding the subjects’ age in the samples used by this SLR’s included studies,

most age ranges either included or bordered the age of 18 years. The interest for this particular

age is justified by the legal systems in many countries, where younger than 18 individuals are

classified as minors.

In regards to the meta-analysis of performances, it was evidenced a high heterogeneity in

terms of age-ranges, dataset sizes and performance metrics that make the comparison between

studies a challenge. The seven comparable studies had quite similar age-ranges and resulted in

Bone age assessment with machine learning and model building techniques

PLOS ONE | https://doi.org/10.1371/journal.pone.0220242 July 25, 2019 17 / 22

https://doi.org/10.1371/journal.pone.0220242


a weighted average of 9.96 MAE (months), but caution should be made as the age distribution

was not uniform in all of the studies.

Limitations

With regard to this SLR’s limitations, they include whether a suitable large representative sam-

ple of relevant included studies were selected, and also the non-medical expertise of A1. The

first issue was mitigated via using a more inclusive selection strategy, i.e., whenever a paper’s

abstract did not present all the information needed for its inclusion or exclusion, it would be

included in the first phase to be fully read later. As for the second issue, A1’s lack of medical

expertise of A1 was mitigated by consulting A3 whenever necessary.

Future perspectives

The results of this SLR presented trends and gaps in the current research on age assessment

that should be addressed, such as other common factors that could influence delay or accelera-

tion of skeletal maturity and the further investigation of other ROIs for BAA.

Conclusion

This paper detailed an SLR on the topic of age assessment in growth zones research with the

use of ML techniques, which resulted in the selection of a final set of 27 studies. These studies

were summarized in terms of ML techniques applied, sample data, age assessment methods

and regions of interest.

Our findings indicate the focus of the research on investigating the hand and wrist ROIs

with radiographs, with most of the samples from the United States or West Europe. It has also

pointed out gaps in the research, such as few studies on different ethnicities, no studies consid-

ering socioeconomic differences, and few studies considering more ROIs other than hand and

wrist.
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Boldt, Carl-Erik Flodmark, Peter Anderberg 

 

Abstract 
Background: Bone age assessment (BAA) is used in numerous pediatric clinical 
settings, as well as in legal settings when entities need an estimate of chronological 
age (CA) when valid documents are lacking. The latter case presents itself as critical 
since the law is harsher for adults and granted rights along with imputability changes 
drastically if the individual is a minor. Traditional BAA methods suffer from 
drawbacks such as exposure of minors to radiation, do not consider factors that might 
affect the bone age and they mostly focus on a single region. Given the critical 
scenarios in which BAA can affect the lives of young individuals it is important to 
focus on the drawbacks of the traditional methods and investigate the potential of 
estimating CA through BAA. 

Objective: This paper aims to investigate CA estimation through BAA in young 
individuals of 14 to 21 years with machine learning methods, addressing the 
drawbacks in the research using magnetic resonance imaging (MRI), assessment of 
multiple ROIs and other factors that may affect the bone age. 

Methods: MRI examinations of the radius, distal tibia, proximal tibia, distal femur 
and calcaneus were carried out on 465 males and 473 females subjects (14-21 years). 
Measures of weight and height were taken from the subjects and a questionnaire was 
given for additional information (self-assessed Tanner Scale, physical activity level, 
parents' origin, type of residence during upbringing). Two pediatric radiologists 
assessed, independently, the MRI images as to their stage of bone development 
(blinded to age, gender and each other). All the gathered information was used in 
training machine learning models for chronological age estimation and minor versus 
adults classification (threshold of 18 years). Different machine learning methods were 
investigated. 
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Results: The minor versus adults classification produced accuracies of 90% and 84%, 
for male and female subjects, respectively, with high recalls for the classification of 
minors. The chronological age estimation for the eight age groups (14-21 years) 
achieved mean absolute errors of 0.95 years and 1.24 years for male and female 
subjects, respectively. However, for the latter lower error occurred only for the ages 
of 14 and 15. 

Conclusions: This paper proposed to investigate the CA estimation through BAA 
using machine learning methods in two ways: minor versus adults classification and 
CA estimation in eight age groups (14-21 years), while addressing the drawbacks in 
the research on BAA. The first achieved good results, however, for the second case 
BAA showed not precise enough for the classification. 

 

Keywords: chronological age assessment; bone age; skeletal maturity; machine 
learning; magnetic resonance imaging; radius; distal tibia; proximal tibia; distal 
femur; calcaneus 

 

1. Introduction 
1.1 Background 

Skeletal maturity is a radiological concept that refers to the stage of bone development 
of an individual [1]. This maturation process happens gradually in the growth plates 
and it is measured by the degree of mineralization of the bone along with its size and 
shape [1]. Bone age (BA) is a closely related concept in which an age is estimated 
based on the degree of skeletal maturity of an individual [2]. 

The estimation of the BA of an individual, or bone age assessment (BAA), is 
performed in numerous clinical settings involving diagnosis and time of treatment of 
orthopedics, orthodontics, endocrinology, growth disorders, and estimations of final 
height [3]. In these cases, the BA of an individual is assessed by medical professionals 
and compared to their chronological age (CA). If found to be relatively advanced or 
retarded, appropriate actions are taken by the medical professionals. 

BAA is also performed outside the clinical settings when legal entities need an 
estimation of the CA of an individual for judicial decisions when valid documents are 
lacking. This refers to cases regarding adoption, criminal proceedings, and 
pedopornography judicial issues, as well as in determining age fraud in youth sports 
competitions [4–7]. Furthermore, with the upsurge of immigration due to the rise of 
worldwide conflicts, another critical scenario in which BAA is applied concerns the 
determination of an individual being minor in the absence of valid or trustworthy 
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documents. This is the case of numerous young asylum seekers, who are given special 
rights granted by the United Nations Convention on the Rights of the Child, regarding 
reception, healthcare, education, etc [8,9]. 

From all of these examples, it is possible to assume that especially regarding legal 
standpoints, BAA is a crucial tool for making high stake decisions that have the 
potential to greatly affect individuals’ lives. 

 

1.2 Traditional bone age assessment 

The traditional methods for BAA are based on the appearance of growth plates 
through the analysis of diaphyses (primary ossification centers) and epiphysis 
(secondary ossification centers), where cartilage tissue gradually turns into bone 
tissue during the process of bone development. A process that ceases when the 
diaphysis and epiphysis are fused indicating that the growth plate is ossified [1]. 

The most common procedures for BAA are the Greulich-Pyle (GP) and Tanner-
Whitehouse (TW) methods. Both these methods assess radiograph images of the hand 
and wrist areas since these are regions of interest (ROI) with a large number of 
ossification centers aggregated in a small area that is easy to have images taken from.  

The GP method [10] attributes a bone age by comparing the radiograph image of the 
individual being assessed to the nearest reference image in a hand and wrist atlas in 
terms of bone development. The TW method [11] is a scoring system that evaluates 
the ulna, radius, carpals and 13 short bones of the hand. Scores are attributed to these 
regions based on the stage of development of the bones, which ranges from A to I. 
Then, the scores are aggregated in a total score that is converted into the bone age. 

Having been developed in the 30s and 50s, the GP and TW methods conveyed 
groundbreaking developments in numerous clinical settings and are still heavily 
employed for BAA purposes to this day. 

 

1.3 Other proposed bone age assessment methods 

The field of BAA evolved since the GP and TW methods were proposed, exploring 
new ROI with different ossification timings. This section summarizes proposed 
studies regarding BAA in various ROIs. 

Newer hand and wrist studies on BAA include the  Gilsanz and Ratib [1] digital hand 
atlas and the FELS method [12]. The first is composed of artificially created reference 
images that represent the average development of 29 classes of subjects from 0 to 18 
years old. The FELS method [12] is a statistical method that provides a relative 
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measure of the BA and standard error that takes in consideration the distribution of 
chronological ages in the study’s sample with BA similar to the individual being 
assessed and it is based on 98 indicators of bone maturity (ossification, radiopaque 
densities, bony projection, shape changes and ossification of epiphyses). 

Clavicle staging systems observe one or both sides of the medial clavicular epiphysis. 
The method proposed by Kreitner et al. [13] presents four stages of ossification of the 
medial clavicular epiphysis, in which the last stage may have the epiphyseal scar 
visible. Schmeling et al. [9] propose five stages of ossification, but the last stage is 
only achieved when the epiphyseal scar is not apparent. Kellinghaus et al. [14] build 
on the Schmeling et al. staging [9] by applying sub-classifications for the second and 
third stages. These studies report complete ossification of this growth plate around 
the ages of 26-27 years. 

Knee studies propose staging systems that also vary on subscales on specific stages 
and the appearance of the epiphyseal scar on the last stage. O’Connor et al. [15] 
propose five stages of ossification of the distal femur, proximal tibia and proximal 
fibula epiphyses (the epiphyseal scar may be visible in the last stage). Dedouit et al. 
[16] propose five stages of ossification of the distal femur and proximal tibia 
epiphysis, assessing the appearance of the cartilage signal intensity with magnetic 
resonance imaging (MRI). Krammer et al. [17] propose five stages of ossification of 
the distal femur epiphysis, with sub-classifications on the second and third stages, 
with the last stage achieved only when the epiphyseal scar is no longer visible. This 
method also makes use of MRI images. Knee studies usually argue about a subject 
being younger or older than the age of 18 years old. 

Studies on foot ROI are usually concerned with younger ages. Ekizoglu et al. [18] 
propose a staging system for the foot ROI that shows complete ossification in ages 
between 12 and 16. 

Not very much explored in the literature, the arm ROI is studied in the proximal 
humerus epiphysis by Ekizoglu et al. [19] employing a scoring system based on 
Schmeling et al. [9] and Kellinghaus et al. [14] on MRI images. This study points out 
the earliest ages for the last stage of ossification at 17 and 18 years. 

 

1.4 Drawbacks in assessing chronological age using bone age assessment 
methods 

In the lack of valid or trustworthy documents, BAA is employed nowadays as a 
valuable tool for legal entities to evaluate CA in regards to important legal ages. 
Nevertheless, it is possible to identify several drawbacks about the largely employed 
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GP and TW methods, as well as recently proposed methods, regarding the use of 
BAA for CA determination: 

● they almost exclusively employ medical imaging techniques that expose the 
individual to ionizing radiation, such as radiographs, which raises grave 
ethical issues especially in regards to exposing minors to radiation for non-
therapeutic purposes;  

● they only focus on the physical appearance of the growth plates, not including 
other information that might possibly affect the bone development [20]; 

● they mostly focus on a single ROI, which in the vast majority of cases is the 
hand area [20]. 

The first drawback can be addressed by the employment of the MRI technology, 
which is already present in some of the mentioned knee and arm studies. Besides 
being a radiation-free modality of medical imaging, it also allows the manipulation 
of contrast in order to highlight different tissue types [21]. The epiphyseal plate 
consists of cartilage tissue, which is mainly composed of collagen fiber protein. 
Collagen has a 3D structure of fibers that, in MRI images is shown as zones of 
different intensities, giving it a multilaminar appearance. It is known that the structure 
of cartilage changes in terms of the number of laminae and thickness in the course of 
bone development [22]. Hence, contrary to radiographs that highlight the bone, the 
MRI technology might have the potential to offer better visualization of growth 
plates, thus being an interesting radiation-free modality of medical imaging for BAA. 

To address the second drawback, the methods for assessing BA should investigate 
factors that may play a role in the process of bone development and ossification of 
growth plates, i.e. BMI [20,23], pubertal growth [24], physical activity [25], ethnicity 
[8,20,26] and socioeconomic factors [8], that are often overlooked [20]. 

Addressing the third drawback could be done by the employment of multiple ROI. 
When it comes to estimations of CA, most of the BAA studies, especially methods 
that propose stages of maturity for set ROIs, follow an approach of identifying the 
minimum age in which the ossification of the growth plate is completed for a 
particular ROI. These studies usually focus on a single age of legal importance, which 
varies a lot between countries, comprehending ages from 14 to 21 years [13]. Using 
multiple ROI may provide more information about more ages. 

One additional drawback that is specific about the GP and TW methods is that they 
are based on data collected from subjects of average and upper socioeconomic classes 
in the 30s and 50s, respectively. Hence, these methods may not reflect on secular 
trends that nowadays point to higher height and earlier puberty [27], which could 
affect the accuracy of the methods. For the TW method, an update released in 2001 
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(TW3) revised the calculation of the BA from the attributed scores in order to address 
this problem [28]. 

 

1.5 Machine learning for bone age assessment 

From the presented drawbacks, it is noticeable that the BAA research could benefit 
from methods that are able to aggregate multiple information (i.e. multiple ROI and 
factors) in a systematic way. A technology that is able to work in this setting is 
machine learning (ML). ML consists of various types of algorithms that are able to 
learn how to perform a task from a set of examples while improving its performance 
based on its experience in carrying out the particular task. It builds a model that 
encapsulates the knowledge to perform the task, then in light of new data, the model 
is able to correctly perform the learned task within an acceptable measure of 
performance [29].  

ML algorithms have already been employed in various models for assessing the BA 
of an individual. A recent systematic literature review on BAA with ML methods [20] 
showed that the research is heavily focused on models that make use of a single ROI, 
the hand in most of the cases, having radiographs as the choice of imaging 
technology, and do not usually consider other factors that could play a role in bone 
development [20]. The most notable commercially available ML BAA system is the 
BoneXpert [30], which performs an automatic radiograph analysis based on the GP 
and TW methods. However, it covers the age range of 2 to 17 years and leaves out 
important legal ages. 

 

1.6 Objectives of the study 

Given the importance of the assessment of CA through BAA in numerous scenarios 
and its potential ways it could affect the lives of young individuals, it is important to 
focus on the drawbacks of the methods currently in use and investigate the potential 
of BAA in estimating CA. Thus, the objectives of this study are:  

● to investigate to what extent ML models can aid in the CA estimation through 
BAA in young individuals of 14 to 21 years; 

● to investigate whether ML models can aid in the determination of minors 
thought BAA, considering the threshold of 18 years, in young individuals of 
14 to 21 years; 

● to address the drawbacks in the research on CA estimation from BAA, in 
regards to using radiation-free medical imaging technology, the assessment 
of multiple ROIs and other factors that may play a role in bone development.  
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2. Materials and methods 
2.1 Overview 

In order to train the chronological age estimation ML models proposed in this paper, 
MRI images of the wrist, knee and foot were taken from volunteer subjects and 
assessed by radiologists as to their stage of bone development. The five growth zones 
considered in this study were: Calcaneus, Distal Tibia, Proximal Tibia, Distal Femur, 
and Radius. Each growth zone was assessed separately and blinded to gender and age. 

Before the examination, the subjects had their height and weight measured for the 
BMI calculation and were asked to answer a questionnaire to gather information on 
their physical activity level, parents' origin, type of residence during upbringing, and 
a self-assessed Tanner Scale of pubertal growth [31,32]. 

All the radiological and non-radiological data gathered were used to train binary and 
multi-class classifiers. For the binary classifier, the individuals in the sample were 
divided into minors or adults, regarding the threshold of 18 years, and the 
classification followed into discriminating individuals into one of the two classes. 
The multi-class classifier aims to classify an individual into one of the eight classes 
defined by the age groups ranging from 14 to 21 years.  

The remainder of this section details further the population, data used in the 
experiments, statistical analysis and procedures for model building in the 
experiments. 

 

2.2 Recruitment 

This study, prospectively, conducted MRI examinations on 938 healthy subjects (465 
males and 473 females) with ages between 14 to 21 years old (inclusive), during 2017 
and 2018. The participants of the study had images taken from the knee, foot, and 
wrist on the same examination session. Additionally, the weight and height of each 
participant were also collected to calculate the BMI. 

The following criteria were used to determine participation in the study: 

● Inclusion criteria: the participants should have been born in Sweden, where 
the study was conducted, and have a birth certificate verified by the Swedish 
national authorities. 

● Exclusion criteria: a history of bilateral fractures or trauma near the regions 
of assessment, a history of chronic disease or the use of long-term 
medications, noncompliance during the examination, having resided outside 
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Sweden for more than six consecutive months, past or current pregnancy (all 
female subjects were tested). 
 

2.3 Data privacy and study ethics 

The study was conducted in accordance with the Declaration of Helsinki and was 
approved by the Central Ethical Review Board in Stockholm (diary numbers: 2017/4-
31/4, 2017/1184-32, 2017/1773-32). Written informed consent was collected from all 
subjects and legal guardians (in the case of subjects younger than 18 years old).  

All data was anonymized and stratified by age and gender. 

 

2.4 Population 

A total of 455 male and 467 female subjects constituted the final sample (Table 1). 
After the MRI examinations and assessment of images by radiologists, 10 male, and 
6 female subjects were removed from the study’s sample because they had the 
assessment of one or more ROI missing. The missing values for the assessment by 
the radiologists could be due to one of the following reasons: movement artifact, error 
in the sequence that made the image non-gradable, likely trauma in the region of 
assessment and missing MRI examination in one or more ROI. 

 

Table 1. Demographics of the final sample 

Age Group 14 15 16 17 18 19 20 21 Total 

Number of female subjects 59 58 57 60 59 57 57 60 467 

Number of male subjects 58 56 60 58 53 58 53 59 455 

  

2.5 Data and data collection procedures 

The data used to train the classifiers were the radiologists' assessment of the 
Calcaneus, Distal Tibia, Proximal Tibia, Distal Femur, and Radius growth zones; the 
additional information gathered before the examination which was: physical activity 
level, parents' origin, type of residence during upbringing, and a self-assessed Tanner 
Scale of pubertal growth; and the BMI. The following section details the data and the 
procedures for collection.  

2.5.1 Magnetic resonance imaging examinations 

MRI examinations were carried out to take images of the Calcaneus, Distal Tibia, 
Proximal Tibia, Distal Femur and Radius growth plates of the subjects participating 
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in the study. All MRI examinations were conducted within six months of the subjects’ 
birthday date on 1.5-T whole-body MRI scanners with dedicated hand, knee and 
ankle coils. The examinations were performed on the non-dominant side of the knee, 
hand, and foot, save when past fracture or trauma had taken place nearby the region. 
In these cases, the dominant side was imaged. The images of all ROIs were taken on 
the same examination session. 

The examinations were carried out in two sites. Site 1 used Magnetom Avanto Fit 
(Siemens Healthcare Gmbh, Erlangen, Germany) and Achieva (Philips Healthcare, 
Amsterdam, The Netherlands) whole-body scanners; and Site 2 used a Signa (GE 
Healthcare, Milwaukee, Wisconsin) whole-body scanner. All examinations followed 
the same protocol which included a T2 sequence with cartilage dedicated exposure. 
The settings were: 256 x 256 pixel resolution and 160 by 160 mm field of view. 

2.5.2 Assessment of the Magnetic resonance images 

The assessment of the MRI images was done independently by two radiologists with 
3 and 30 years of experience in pediatric radiology, who were blinded to the age and 
gender of the participants. A third radiologist with 13 years of experience in pediatric 
radiology assessed the images when the first two radiologists couldn't reach a final 
agreement about the stage. 

The staging system used to assess the MRI images is a version of the staging methods 
proposed by Dedouit et al. [16] and Kellinghaus et al. [14] with minor modifications. 
This staging is defined as follows: 

● Stage 1: Continuous, stripe-like, cartilage signal intensity present between 
the metaphysis and the epiphysis with a thickness greater than 1.5mm with a 
multilaminar appearance. 

● Stage 2: Continuous cartilage signal intensity present between the 
metaphysis and the epiphysis with a thickness greater than 1.5 mm with 
increased signal intensity but without a multilaminar appearance. 

● Stage 3: Continuous cartilage signal intensity present between the 
metaphysis and the epiphysis with a thickness of less than 1.5mm with 
increased signal intensity. 

● Stage 4a: Non-continuous cartilage signal intensity. A hazy area involving 
one third or less of the growth plate is present between the metaphysis and 
the epiphysis, representing the epiphyseal-metaphyseal fusion 

● Stage 4b: Non-continuous cartilage signal intensity. A hazy area involving 
between one third and two-thirds of the growth plate is present between the 
metaphysis and the epiphysis, representing epiphyseal-metaphyseal fusion. 
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● Stage 4c: Non-continuous cartilage signal intensity. A hazy area involving 
more than two-thirds of the growth plate is present between the metaphysis 
and the epiphysis, representing epiphyseal-metaphyseal fusion. 

● Stage 5: The epiphyseal cartilage has fused completely with or without an 
epiphyseal scar, in all MRI slices. 

 

2.5.3 Questionnaire Information 

The additional information regarding pubertal growth, physical activity, parents' 
origin and socioeconomic factors from the participants was gathered by a 
questionnaire, given to the subject at the examination session. Table 2 shows the 
gathered information. 

 

Table 2. Summary of the information gathered by the questionnaire 

Variable Description Values 

Residence Type of residence the participant lives in (or 
lived during upbringing). 

Rented; Owned 

Physical Activity The participants’ daily level of activity. Highly Inactive; Inactive; 
Little Active; Active; Highly 
Active 

Parent Origin Origin of the participants’ parents, regarding 
if they were born outside Sweden or not. 

no foreign-born parents; one 
foreign-born parent; both 
foreign-born parents 

Tanner Scale Self-assessed Tanner Scale for pubertal 
growth [31,32]. 

Stage 1; Stage 2; Stage 3; Stage 
4; Stage 5 

 

2.5.4 Body Mass Index 

The Body Mass Index (BMI) was calculated with the measures of the participants’ 
weight w and height h as in the formula [33]: 

𝐵𝑀𝐼	 = 	 &
'(

 (1). 

2.6 Statistical analyses 

Cohen’s kappa coefficient [34] was calculated to measure the inter-observer 
agreement between the pediatric radiologists in all investigated ROIs. Statistical 
analyses were performed in the IBM SPSS Statistics3 software platform. 

                                                        
3 IBM SPSS Statistics version 24 (release 24.0.0.0). URL: https://www.ibm.com/analytics/spss-
statistics-software 
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2.7 Model building 

2.7.1 Chronological age estimation models 

In this study, various ML algorithms were investigated in order to build classifiers to 
discriminate subjects into minor or adults, and classifiers to classify subjects into one 
of eight age groups (14 to 21 years). Models for male and female subjects were built 
separately.  

2.7.2 Data preparation 

A K-nearest neighbor’s (KNN) multiple imputations were applied to entries with 
missing data. This technique finds the K complete entries that are the closest to an 
incomplete entry (i.e. contains missing data) and fills its missing values with the mean 
(in case of numeric variables), or the most frequent one (in case of categorical 
variables) [35]. In this study, the number of nearest neighbors K for the KNN 
imputation was set to 1. The motivation for this choice is based on literature findings 
that advise limiting K as a way to preserve the original variability of the data, reducing 
the risk of entries having few neighbors that are too distant from each other. 
[36].There is also a risk of increasing the influence of noise in the data with a small 
K, but since in the dataset of this study, the highest rate of imputed instances was 
1.9%, this influence was considered not very relevant. The number of imputed 
instances for each variable in both male and female subsets is shown in Table 3. 

 

 Table 3. Number of imputed instances and percentage over the male and female datasets. 

Variable Male dataset Female dataset 

Radiologists' assessments of the Radius, Distal 
Femur, Proximal Tibia, Distal Tibia, Calcaneus 

0 (0%) 0 (0%) 

Residence 1 (0.2%) 3 (0.6%) 

Physical Activity 9 (1.9%) 6 (1.2%) 

Tanner Scale 3 (0.6%) 1 (0.2%) 

BMI 0 (0%) 0 (0%) 

Parents Origin 0 (0%) 3 (0.6%) 

 

2.7.3 Machine learning algorithms 

The choice of the ML algorithms explored in this study was based on the summary 
of the evidence of a recently published systematic literature review (SLR) on the 
application of ML for BAA [20]. This SLR points out that the studies proposing BAA 
classifiers employ algorithms of the following categories: Artificial Neural Networks, 
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Support Vector Machines, Bayesian Networks, Decision Trees and K-Nearest 
Neighbors. An additional search was conducted in the literature (Scopus4, PubMed5 
and Web of Science6), after the search date of the mentioned SLR [20] (February of 
2019) to look for additional algorithms, but no new categories were found to be added 
to the list.  

Another motivation for this choice of ML algorithms is that it also guarantees a 
diversified list of classifiers that make use of different types of learning techniques, 
such as rule-based, instance-based, bayesian inference, kernel and perceptron 
learners. We refer to the following book by Kuhn and Johnson [37] for the specific 
algorithms and implementations used in this study. 

Therefore, the choice of ML algorithms for the experiments of the present study 
includes: Decision Tree, Random Forest, Multi-layer Perceptron, Support Vector 
Machines, Naïve Bayes, K-Nearest Neighbors. 

2.7.4 Experimental setup 

All experiments were performed using stratified nested cross-validation [38]. In this 
approach, in each iteration, one fold of the outer cross-validation is used for testing 
and the remaining four are used in an inner cross-validation for tuning the algorithms' 
hyperparameters. This was done in order to get a more reliable estimate of the error, 
since the test fold in each outer iteration is not being used to execute performance 
optimization [39].  Also, it is worth noting that the data splits were done in a stratified 
manner, which means that the classes' proportions in each split are kept the same as 
in the total sample. In the experiments of this study a 5-fold outer, 3-fold inner 
stratified nested cross validation was performed. 

Additionally, before each inner cross validation, a grid search was performed in order 
to find suitable hyperparameters for each of the selected ML algorithms. The 
hyperparameters for each selected algorithm is shown in Table 4. The machine 
learning experiments were conducted in the R framework7 with the caret package. 
The default version of the algorithms were used. 

 

 

 

                                                        
4 Scopus, URL: https://www.scopus.com/ 
5 Pubmed, URL: https://www.ncbi.nlm.nih.gov/pubmed/ 
6 Web of Science, URL: https://www.webofknowledge.com/ 
7 R version 3.4.1. URL: https://www.r-project.o   
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Table 4. Configuration of the R algorithms included in the experiment. 

ML Algorithm R Implementation Tuning Parameters 

Decision Tree rpart cp 

Random Forest rf mtry 

Multi-layer Perceptron mlp size 

Support Vector Machines svmRadial Sigma, C 

Naïve Bayes nb fL, usekernel, adjust 

K-Nearest Neighbors knn k 

 

2.8 Model evaluation metrics 

The performance metrics used to evaluate the models were  the following: Mean 
Absolute Error (MAE), Root Mean Squared Error (RMSE), Accuracy, Precision, 
Recall and Area Under the Curve (AUC), as in Gaudette and Japkowicz (2009) [40]; 
and Sokolova and Lapalme (2009) [41] guidelines for ordinal multiclass 
classification. For the binary classification models all but MAE and RMSE are used. 
The standard deviations for each metric are also reported.  

The mean absolute error (MAE), represents the mean of the absolute difference 
between the estimated age output of the classifier and the correct chronological age 
of the subject, over all examples. The RMSE gives more weight to larger errors 
compared to MAE, which tends to prefer fewer errors overall. The MAE and RMSE 
are calculated as follows in equations (2) and (3), respectively: 

MAE = )
*
	 	*

+,) 𝑦	 − 	𝑦   (2) 

𝑅𝑀𝑆𝐸	 = 	*
+,)

2	3	2 	(

*
		(3) 

with 𝑛 being the number of samples, 𝑦 being the estimated age, and 𝑦 being the 
chronological age of the subject. 

For the remaining evaluation metrics, considering l the number of classes, we define: 

● True positives (TP): Entries predicted to be in class Cl, actually in class Cl.  
● False Positives (FP): Entries predicted to be in Cl, but are not actually in class 

Cl. 
● True Negatives (TN): Entries not predicted to be in Cl and are not actually in 

class Cl. 
● False Negatives (FN): Entries not predicted to be in Cl  ,but are actually in 

class Cl. 
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The Accuracy, Precision, Recall and AUC, for binary classification, are calculated as 
follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦	 = 	 :;	<	:=
:;	<	>;	<		:=	<	>=

		(4) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 = 	 :;
:;	<	>;
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In the case of the multi-class classification, these are calculated as the average, 
calculated for each class Cl [41]. 

General results are given for the ML algorithms in terms of the mean and standard 
deviations of each of the performance metrics for the outer cross-validation test sets. 
In depth results are given to the best performing models. 

 

3. Results 
3.1 Inter-observer agreement 

The Kappa Cohen’s coefficient was calculated to evaluate the agreement between the 
two  observers' assessment of the MRI images. The results pointed to substantial 
agreement according to the general guidelines [42] for all of the assessed ROI: 0.77 
for the Calcaneus, 0.65 for the Distal Femur, 0.72 for the Distal Tibia, 0.73 for the 
Proximal Tibia and 0.67 for the Radius. 

 

3.2 Results for the growth plate assessments 

The results from the assessments of the Calcaneus, Distal Tibia, Proximal Tibia, 
Distal Femur and Radius, for male and female subjects are shown in detail in the 
Multimedia appendix 1 and 2, respectively. 

In all of the assessed growth plates, for both sexes, stages 1 and 2 were not evidenced. 
Few instances of stage 3 were evidenced on male subjects on the Calcaneus and 
Radius growth plates, accounting for 2 and 15 cases, respectively. On female subjects, 
stage 3 was evidenced in only two cases for the Radius growth plate. 

The female subjects’ results show that for all assessed growth plates, nearly all or 
most of the sample was already on the last stage of ossification (stage 5): 94.6% of 
Calcaneus, 90.8% of Distal Tibia, 81.6% of Proximal tibia, 74.5% of Distal femur, 
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and 65.5% of Radius cases. These numbers moderately change for male subject’s, 
accounting for: 80.4% of Calcaneus, 70.1% of Distal tibia, 57.6% of Proximal Tibia, 
54.9% of Distal Femur, and 47.4% of Radius cases. 

Table 5 shows the proportion, within each age group, of subjects who have all of the 
growth plates considered in this study already in stage 5. This table shows that female 
subjects had all growth plates fused two years prior to the male subjects. For female 
subjects, from the age of 19, all subjects of the sample have already all of the growth 
plates fused, while for male subjects the same happens from the age of 21. 

 

Table 5. Numbers and percentages (over each age group) of subjects with all of the 
growth plates in stage 5, for male and female subjects. 

Age group Female subjects Male subjects  

14 2 (3.3%) 0 (0%) 

15 8 (13.7%) 0 (0%) 

16 23 (40.3%) 3 (5%) 

17 44 (73.3%) 13 (22.4%) 

18 53 (89.8%) 31 (58.4%) 

19 57 (100%) 50 (86.2%) 

20 57 (100%) 50 (94.3%) 

21 60 (100%) 59 (100%) 

Total 304 (65.1%) 206 (45.2%) 

 

3.3 Results for the classification of minors versus adults 

The threshold of 18 years was used to determine adulthood in the classification of 
minors versus adults, which is the case in many European countries. MAE and RMSE 
were not used as performance metrics in this case because for classifications they 
only make sense in the context of an ordinal classification. The results for the male 
subjects binary classifiers in terms of the mean and standard deviation of the 
performance metrics on the outer cross-validation test sets is shown in table 6. The 
Decision Tree, Random Forest and Support vector Machines algorithms had very 
similar results in general. The Random Forest algorithm was chosen in terms of the 
best combination of Precision and Recall, but in practical settings there are no 
differences between these algorithms. Table 7 shows the Random Forest's results in 
each of outer cross-validation test sets. The average model was chosen in terms of the 
median accuracy which was 0.90. Between models 1 and 4, the Model 1 was chosen 
for better recall in classifying minors. The optimized hyperparameter given by the 
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grid search for Model 1 was mtry = 2 (number of candidate variables at each tree 
split). 

 

Table 6. Mean performance metrics and respective standard deviations, in years, for the classification 
of minor vs adults for the male subjects. 

Types Accuracy  AUC  Precision Recall  

Decision Tree 0.90 ± 0.02 0.90 ± 0.02 0.86 ± 0.04 0.96 ± 0.03 

Random Forest 0.90 ± 0.01 0.90 ± 0.01 0.87 ± 0.03 0.94 ± 0.04 

Support vector 
Machines 

0.90 ± 0.02 0.90 ± 0.02 0.87 ± 0.04 0.93 ± 0.07 

Multi-Layer 
Perceptron 

0.82 ± 0.17 0.82 ± 0.16 0.79 ± 0.16 0.95 ± 0.04 

K-Nearest Neighbors 0.87 ± 0.02 0.87 ± 0.02 0.84 ± 0.03 0.92 ± 0.03 

Naïve Bayes 0.73 ± 0.04 0.74 ± 0.04 0.65 ± 0.03 1.00 ± 0.00 

 

Table 7. Performance results for the Random Forest algorithm on each of the outer cross-validation test 
sets, for the male sample. 

Model Accuracy  AUC  Precision Recall - 
Minors 

Recall - 
Adults 

1 (median) 0.90 0.90 0.83 1.00 0.80 

2 0.89 0.89 0.87 0.91 0.87 

3 0.89 0.89 0.87 0.96 0.83 

4 0.90 0.90 0.90 0.89 0.91 

5 0.92 0.92 0.89 0.96 0.89 

 

Figure 1 presents the results achieved by the Model 1, per age group. It is important 
to notice that even with low Accuracy results for the age of 17 (41.7%), the model 
still minimizes the error of classifying minors as adults, achieving a Recall of 100% 
for this classification. 
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Figure 1. Accuracy per age group for the minor vs adults classification model, for male subjects.

In the female subjects case, the algorithm that achieved the best mean accuracy was 
also the Random Forest (see table 8). Table 9 shows the results for the Random Forest 
algorithm in each of the outer cross-validation test sets. Except for the model 1, 
essentially there was no relevant variation between models, and in practical settings 
they can be considered equal. Thus, Model 2 was chosen as the average model. The 
optimized hyperparameter given by the grid search for Model 1 was mtry = 6.

Table 8. Mean performance metrics and respective standard deviations, in years, for the classification 
of minor vs adults for the female subjects.

Types Accuracy AUC Precision Recall 

Decision Tree 0.82 ± 0.02 0.82 ± 0.02 0.74 ± 0.02 0.97 ± 0.01

Random Forest 0.83 ± 0.02 0.83 ± 0.01 0.76 ± 0.02 0.97 ± 0.01

Support vector 
Machines

0.81 ± 0.04 0.81 ± 0.04 0.75 ± 0.04 0.92 ± 0.05

Multi-Layer 
Perceptron

0.82 ± 0.02 0.82 ± 0.02 0.75 ± 0.02 0.95 ± 0.04

K-Nearest Neighbors 0.78 ± 0.06 0.78 ± 0.06 0.73 ± 0.06 0.87 ± 0.08

Naïve Bayes 0.67 ± 0.03 0.67 ± 0.02 0.60 ± 0.02 1.00 ± 0.00
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Table 9. Performance results for the Random Forest on each of the outer cross-validation test sets, for 
the female sample.

Model Accuracy AUC Precision Recall -
Minors

Recall -
Adults

1 0.81 0.81 0.73 0.96 0.66

2 (median) 0.84 0.84 0.77 0.96 0.72

3 0.84 0.84 0.77 0.98 0.70

4 0.84 0.84 0.78 0.96 0.72

5 0.84 0.84 0.77 0.98 0.70

The accuracies per age group are shown in the graph of figure 2. The model achieves 
lower accuracies for the ages of 16 and 17 (50.0% and 58.3%, respectively), but as in 
the male subjects case, the model minimizes the worst type of error that is the 
misclassification of minors, achieving a high recall of 96%.

Figure 2. Accuracy per age group for the minor vs adults classification model, for female subjects.
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3.4 Results for the chronological age estimation models  

The chronological age estimation models are multi-class classifiers that aim at 
classifying subjects in one of the eight age groups (from 14 to 21 years). Table 10 
shows the results for the male subjects models in terms of the mean and standard 
deviations of the performances on the outer cross-validation test sets. The best 
performing algorithm in the male case was the Multi-Layer Perceptron (MLP), which 
achieved the best mean MAE (0.98 years), mean RMSE (1.32 years) and mean 
precision (0.65 years) values, in addition to having the second best values of mean 
accuracy and mean AUC. 

 

Table 10. Mean ± standard deviations of the performance metrics, for the male subjects' classification 
models. 

Algorithm MAE 
(years) 

Accuracy RMSE 
(years) 

AUC Precision Recall 

Decision 
Tree 

1.28 ± 0.13 0.32 ± 0.03 1.78 ± 0.17 0.81 ± 0.02 0.49 ± 0.06 0.81 ± 0.11 

Random 
Forest 

1.04 ± 0.07 0.34 ± 0.03 1.44 ± 0.13 0.85 ± 0.01 0.57 ± 0.09 0.73 ± 0.14 

Support 
Vector 
Machine 

1.03 ± 0.09 0.34 ± 0.03 1.43 ± 0.08 0.85 ± 0.01 0.52 ± 0.09 0.67 ± 0.12 

Multi-
Layer 
Perceptron 

0.98 ± 0.08 0.33 ± 0.02 1.32 ± 0.13 0.84 ± 0.01 0.65 ± 0.27 0.61 ± 0.31 

K-Nearest 
Neighbor 

1.16 ± 0.11 0.30 ± 0.04 1.57 ± 0.15 0.82 ± 0.03 0.59 ± 0.10 0.59 ± 0.10 

Naïve 
Bayes 

1.07 ± 0.10 0.29 ± 0.02 1.39 ± 0.19 0.81 ± 0.01 0.57 ± 0.06 0.58 ± 0.21 

 

The performances for the MLP algorithm on each of the outer cross-validation test 
sets are shown on Table 11. The average model was chosen in terms of the median 
MAE which corresponds to the Model 1 with a value of 0.95 years. The optimized 
hyperparameter given by the grid search for the average MLP model was size = 27 
(number of units in the hidden layer). The average model was chosen in order to select 
an algorithm that would not be overly optimistic in its estimation.  
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Table 11. Performance results for the Multi-Layer Perceptron algorithm on each of the outer cross-
validation test sets, for the male sample. 

Model MAE 
(years) 

Accuracy AUC RMSE 
(years) 

Recall Precision 

1 (median) 0.95 0.33 0.83 1.29 0.91 0.48 

2 1.08 0.30 0.85 1.40 073 0.35 

3 0.89 0.32 0.84 1.17 0.17 1.00 

4 0.91 0.33 0.83 1.23 0.83 0.59 

5 1.05 0.35 0.84 1.49 0.42 0.83 

 

The results for the chosen model, discriminated by age groups, are shown in table 12 
and the graph of figure 3. The model shows lower errors for the younger and older 
ages of the age spam considered in the study. Also, the model has a clear trend of 
overestimating the ages for the male subjects in general. Thus, even with a MAE of 
0.95 years, the model is limited to its capacity of classifying individuals from the age 
of 16. From the age of 19, the model tends to classify all subjects as 20 years old since 
nearly all subjects of these ages have all growth plates on stage 5. 

 

Table 12. Mean Absolute Error and standard deviation for the average male model 

Age 
Group 

14 15 16 17 18 19 20 21 

MAE 
(years) 

0.18 ± 
0.60 

0.82 ± 
0.90 

1.25 ± 
1.44 

1.91 ± 
1.56 

1.50 ± 
1.45 

1.00 ± 
0.60 

0.00 ± 
0.00 

0.92 ± 
0.29 
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Figure 3. Mean absolute error (MAE) and standard deviation for the male Multi-Layer Perceptron 
model, in years.

Table 13 shows the results for the chronological age estimation models for female 
subjects in terms of the mean and standard deviations of the performances on the 
outer cross-validation test sets. In the female case, the best performing algorithm was 
the Support Vector Machine (SVM), which achieved the best mean MAE (1.21 
years), mean Accuracy (0.32), mean RMSE (1.68 years) and mean AUC (0.80).

Table 14 shows the performance results for each of the outer cross-validation test sets 
for the SVM algorithm. For the female subjects case, the median resulted in a MAE 
of 1.24 years, which pertained to Models 1 and 2. Model 1 was chosen as the average 
model for presenting the best Accuracy between the two. The optimized parameter 
given by the grid search for the average SVM model was sigma = 0.0421 (kernel 
parameter) and C = 4 (penalty parameter).



106 

Table 13. Mean ± standard deviations of the performance metrics, for the female subjects' classification 
models. 

Algorithms MAE 
(years) 

Accuracy RMSE 

(years) 

AUC Precision Recall  

Decision 
Tree 

1.31 ± 
0.09 

0.28 ± 0.02 1.78 ± 0.13 0.80 ± 0.02 0.56 ± 0.05 0.82 ± 0.09 

Random 
Forest 

1.29 ± 
0.10 

0.30 ± 0.03 1.77 ± 0.10 0.79 ± 0.02 0.59 ± 0.13 0.74 ± 0.17 

Support 
Vector 
Machine 

1.21 ± 
0.06 

0.32 ± 0.04 1.68 ± 0.06 0.80 ± 0.01 0.55 ± 0.07 0.71 ± 0.11  

Multi-Layer 
Perceptron 

1.36 ± 
0.24 

0.30 ± 0.02 1.85 ± 0.37 0.77 ± 0.02 0.60 ± 0.11 0.63 ± 0.22 

K-Nearest 
Neighbors 

1.41 ± 
0.12 

0.30 ± 0.02 1.96 ± 0.12 0.76 ± 0.03 0.55 ± 0.07 0.61 ± 0.18 

Naïve Bayes 1.74 ± 
0.23 

0.22 ± 0.02 2.23 ± 0.27 0.65 ± 0.03 0.58 ± 0.06 0.82 ± 0.09 

 

Table 14. Performance results for the Support Vector Machine algorithm on each of the outer cross-
validation test sets, for the female sample. 

Model MAE 
(years) 

Accuracy 
(years) 

AUC 
(years) 

RMSE 
(years) 

Recall 
(years) 

Precision 
(years) 

1 (median) 1.24 0.37 0.79 1.75 0.75 0.56 

2  1.24 0.27 0.80 1.67 0.55 0.67 

3 1.25 0.33 0.78 1.70 0.75 0.50 

4 1.11 0.32 0.81 1.58 0.67 0.53 

5 1.20 0.32 0.81 1.72 0.83 0.83 

 

The MAE results per age group are shown in table 15 and in the graph of the figure 
4. As in the male subjects case, the female model also overestimate the ages of female 
subjects in general, but with higher MAE and standard deviations. 

 

Table 15. Mean Absolute Error and standard deviation for the male median model 

Age 
Group 

14 15 16 17 18 19 20 21 

MAE 
(years) 

0.42 ± 
0.79 

1.42 ± 
1.93 

1.17 ± 
1.79 

2.17 ± 
2.49 

1.75 ± 
1.88 

1.09 ± 
1.43 

0.90 ± 
1.27 

1.00 ± 
1.34 
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Figure 4. Mean absolute error (MAE) and standard deviation for the female Support Vector Machine 
model, in years.

4. Discussion
4.1 Principal Findings 

This paper presented experiments with the estimation of chronological age and 
classification of minors versus adults (on the threshold of 18 years), of male and 
female subjects, using the ML algorithms. To build the models two radiologists 
assessed the stage of bone development of the Calcaneus, Distal Tibia, Proximal 
Tibia, Distal Femur and Radius growth plates of 455 male and 467 female volunteer 
subjects (922 subjects in total) from MRI images. Additional variables were also used 
to build the models: BMI, physical activity level, parents' origin, type of residence 
during upbringing, and self-assessed Tanner Scale of pubertal growth. The 
methodology adopted in the study aimed at addressing the drawbacks in the BAA 
methods that are employed in chronological age estimation for legal scenarios.

From the stage assessments of the MRI images we could infer that female subjects 
mature earlier than male subjects in regards to the bone development of the knee, 
wrist and foot, which is in line with prior studies [1,17,18,43,44]. In the present study, 
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the first age in which 100% of the sample had all fused growth plates (stage 5) was 
19 years for female and 21 for male subjects. 

Another important point to be discussed in regards to the stage assessments is that the 
female sample had cases which had all of the considered growth plates already fused 
since the age of 14, spamming throughout all ages considered in the study (14 to 21 
years). Since the assessment of the stage 5, unlike the other stages, requires that all 
of the slices from the MRI examination to present a fused growth plate, even if there 
is a degree of misassessment, it would still mean that these cases would display a well 
advanced level of maturation in all of these ages, implying a high degree of biological 
variation in the female sample in regards to bone age.  Additionally, in total 65.5% 
of the female sample consisted of cases in which the subjects presented all growth 
plates already in stage 5, which means that for classification purposes, for more than 
half of the sample the estimation of chronological age would depend only on the 
additional factors (self-assessed Tanner Scale, BMI, Residence Type, Physical 
Activity and Parents Origin) which were not enough to discriminate between age 
groups. This hindered classifiers' performance, especially the chronological age 
estimation models. The same phenomenon occurred for the male sample which also 
negatively affected the performance of the classifiers, but to a lesser degree, as 45.2% 
of the sample had all growth plates of stage 5, from the age of 16 to 21 years. 

The minors versus adults classification achieved good accuracy results for both male 
(90%) and female subjects (84%). These models portrayed a drop in the performance 
for the ages of 16 and 17, however the recalls regarding the correct classification of 
minors were very high in both male and female cases (100% and 96% respectively). 
This is important because the problem of minors vs adults classification is asymmetric 
as the misclassification of minors for adults in a judicial scenario is much more 
problematic than the inverse. In most cases the application of the law is harsher for 
adults, and imputability along with granted rights can drastically change between 
these groups. 

The chronological age estimation models achieved MAEs of 0.95 years and 1.24 
years for male and female subjects, respectively. However, a look in depth of the 
models showed that for both male and female models, only the ages of 14 and 15 
achieved acceptable MAE values. It could be argued that for the ages of 16 to 21 
years, the estimation of a precise chronological age based on stages of bone 
development of the Calcaneus, Distal Tibia, Proximal Tibia, Distal Femur and Radius 
growth plates would be somewhat unfit for male individuals and very unfit for female 
individuals. Further, we could argue that staging may not offer a precise enough 
measure for the estimation of chronological age of individuals of the ages considered 
in this study.  



109 

Compared to dental age, height and age at menarche, bone age is still the most 
trustable biological indicator for assessing maturation in young individuals [45], but 
it may not be a strong predictor of CA. BAA was conceived to be used in conjunction 
with CA in order to evaluate the maturation of an individual that can be delayed or 
advanced due to various factors that may include hormonal disorders, chronic 
illnesses etc [8].   

Regarding the agreement of the radiologists on the assessment of the growth plates' 
stage of development, substantial agreement was achieved, which is a satisfactory 
result as there is a lack of guidelines for BAA using MRI in the research. Also, the 
individuals employed in the assessment of the MRI images were specialized pediatric 
radiologists with experience in BAA. 

From a methodological point of view, the present study employed a nested cross-
validation approach which aims to avoid reporting overly optimistic results that could 
be derived from a 'lucky' test set.  

4.2 Comparison with prior work 

Most of the studies in the area of BAA that employ ML algorithms aim at building 
automatic approaches for estimating BA and evaluating on BA given by radiologists 
[20]. The biggest initiative for proposing automated approaches in this direction was 
the Radiological Society  of North America (RSNA) 2018 Bone Age Challenge [46]. 
This challenge provided a database of circa 12,000 radiographs, of subjects from 0 to 
19 years, labeled with the BA given by radiologists, following the GP method. While 
the first places achieved MAEs of 4.26, 4.35 and 4.38 months, no comparisons were 
done to the actual CA of the subjects [46]. 

For studies which employ BA concepts in order to predict the CA of subjects there 
are Dallora et al. [47] and Stern et al. [48]. Both employ MRI as the medical imaging 
of choice and most importantly, they are not based on traditional BAA to make their 
predictions of CA. They employ the deep learning technology, which is able to learn 
the important features in the images and then perform the task of regression or 
classification [49]. The reasoning behind using deep learning to interpret images and 
learn features is that it is difficult for humans to translate image features into 
descriptive means, and it is easy to lose information on the process. On the other hand, 
this problem has a reduced risk of occuring with algorithms able to analyse images 
pixel by pixel [50]. 

Dallora et al. [47] used knee MRI images and achieved a MAE of 0.793 years for 
male subjects in the range of 14-20 years, and 0.988 years for female subjects in the 
range of 14 to 19 years. Stern et al. [48] used MRI images of the hand and achieved 
a MAE of 0.82 years for male subjects in the range of 13 to 19 years.  
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4.3 Limitations 

Regarding limitations of the study, it could be argued that due to the high number of 
classes in the multiclass classification, the sample size in each class would not be big 
enough to build a generalizable model. However, to address this issue we employed 
methods to ensure that the model would not overfit and also for not choosing the most 
overly optimistic choice given by the nested cross-validation. Also, during data 
collection we ensured a uniform number of subjects in each class to guarantee a 
balanced dataset. 

The selected ROI for this work took into consideration the stress levels for the minors 
and young adults subjects in regards to the MRI examination. Hence, the clavicle and 
arm were not considered since it would require the subjects to go head in the MRI 
machine, which could cause discomfort and stress to the young subjects due to loud 
noises and small enclosed spaces. Also, the clavicle has a high risk of producing 
moving artifacts due to the breathing movements. On the practical side, the 
examination time was on average 15 minutes and the inclusion of these two regions 
would take approximately double the time. 

4.4 Conclusions 

This paper presented models for CA estimation and minors versus adults 
classification (on a threshold of 18 years), using ML algorithms. The models were 
trained with radiologists assessment of the Calcaneus, Distal Tibia, Proximal Tibia, 
Distal Femur and Radius; and the additional information regarding physical activity 
level, parents' origin, type of residence during upbringing, and a self-assessed Tanner 
Scale of pubertal growth. The models proposed for the classification of minor versus 
adults produced accuracies of 90% and 84%, for male and female subjects, 
respectively, with very high recalls for the classification of minors. However, for the 
chronological age estimation for the eight age groups, ranging from 14-21, the 
variables in the model did not turn out to be precise enough for estimating the exact 
CA, only showing acceptable values of MAE for the ages of 14 and 15 years. 

Future research should be directed into applying the deep learning technology for the 
estimation of CA, using multiple ROI. 
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14 15 16 17 18 19 20 21
Stage3 1 1 0 0 0 0 0 0 2
Stage4a 23 8 2 0 0 0 0 0 33
Stage4b 7 6 2 0 0 0 0 0 15
Stage4c 16 11 10 1 0 1 0 0 39
Stage5 11 30 46 57 53 57 53 59 366

58 56 60 58 53 58 53 59 455
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Stage4a 20 10 2 0 0 0 0 0 32
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Stage4c 17 23 19 6 1 2 2 0 70
Stage5 3 11 35 52 52 56 51 59 319

58 56 60 58 53 58 53 59 455

14 15 16 17 18 19 20 21
Stage4a 25 16 6 0 0 0 0 0 47
Stage4b 24 16 7 2 0 0 0 0 49
Stage4c 9 23 35 23 5 2 0 0 97
Stage5 0 1 12 33 48 56 53 59 262

58 56 60 58 53 58 53 59 455
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Stage4a 23 21 11 0 0 0 0 0 55
Stage4b 25 23 15 7 2 0 0 0 72
Stage4c 10 12 24 25 6 1 0 0 78
Stage5 0 0 10 26 45 57 53 59 250

58 56 60 58 53 58 53 59 455

14 15 16 17 18 19 20 21
Stage3 11 3 1 0 0 0 0 0 15
Stage4a 38 33 22 11 0 1 0 0 105
Stage4b 7 15 12 12 4 0 0 0 50
Stage4c 2 4 20 20 17 5 1 0 69
Stage5 0 1 5 15 32 52 52 59 216

58 56 60 58 53 58 53 59 455

RADIUS

Total

Supplementary	Table	1.	results	from	the	assessment	of	MRI	images	of	male	subjects

DISTAL 
FEMUR

Total
Radius assessment results - male subjects

Age Total

PROXIMAL 
TIBIA

Total
Distal Femur assessment results - male subjects

Age
Total

DISTAL 
TIBIA

Total
Proximal Tibia assessment results - male subjects

Age Total

Calcaneus assessment results - male subjects
Age

Total

CALCANEUS

Total
Distal Tibia assessment results - male subjects

Age
Total



14 15 16 17 18 19 20 21
Stage4a 1 0 0 0 0 0 0 0 1
Stage4b 3 0 0 0 0 0 0 0 3
Stage4c 12 6 2 1 0 0 0 0 21
Stage5 43 52 55 59 59 57 57 60 442

59 58 57 60 59 57 57 60 467

14 15 16 17 18 19 20 21
Stage4a 2 0 0 0 0 0 0 0 2
Stage4b 6 0 0 0 0 0 0 0 6
Stage4c 21 9 4 1 0 0 0 0 35
Stage5 30 49 53 59 59 57 57 60 424

59 58 57 60 59 57 57 60 467

14 15 16 17 18 19 20 21
Stage4a 10 3 0 0 0 0 0 0 13
Stage4b 10 4 0 0 0 0 0 0 14
Stage4c 28 22 7 2 0 0 0 0 59
Stage5 11 29 50 58 59 57 57 60 381

59 58 57 60 59 57 57 60 467

14 15 16 17 18 19 20 21
Stage4a 19 7 0 0 0 0 0 0 26
Stage4b 19 11 2 1 0 0 0 0 33
Stage4c 17 18 16 8 1 0 0 0 60
Stage5 4 22 39 51 58 57 57 60 348

59 58 57 60 59 57 57 60 467

14 15 16 17 18 19 20 21
Stage3 2 0 0 0 0 0 0 0 2

Stage4a 26 13 3 1 0 0 0 0 43
Stage4b 18 11 8 1 0 0 0 0 38
Stage4c 11 26 22 13 6 0 0 0 78
Stage5 2 8 24 45 53 57 57 60 306

59 58 57 60 59 57 57 60 467

RADIUS

Total

Supplementary	Table	2.	results	from	the	assessment	of	MRI	images	of	female	subjects

DISTALA 
FEMUR

Total
Radius assessment results - female subjects

Age Total

PROXIMAL 
TIBIA

Total
Distal Femur assessment results - female subjects

Age Total

DISTAL TIBIA

Total
Proximal Tibia assessment results - female subjects

Age Total

Total
Distal Tibia assessment results - female subjects

Age Total

Calcaneus assessment results - female subjects
Age Total

CALCANEUS
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Abstract
Background: Bone age assessment (BAA) is an important tool for diagnosis and in determining the time of treatment in a
number of pediatric clinical scenarios, as well as in legal settings where it is used to estimate the chronological age of an individual
where valid documents are lacking. Traditional methods for BAA suffer from drawbacks, such as exposing juveniles to radiation,
intra- and interrater variability, and the time spent on the assessment. The employment of automated methods such as deep learning
and the use of magnetic resonance imaging (MRI) can address these drawbacks and improve the assessment of age.

Objective: The aim of this paper is to propose an automated approach for age assessment of youth and young adults in the age
range when the length growth ceases and growth zones are closed (14-21 years of age) by employing deep learning using MRI
of the knee.

Methods: This study carried out MRI examinations of the knee of 402 volunteer subjects—221 males (55.0%) and 181 (45.0%)
females—aged 14-21 years. The method comprised two convolutional neural network (CNN) models: the first one selected the
most informative images of an MRI sequence, concerning age-assessment purposes; these were then used in the second module,
which was responsible for the age estimation. Different CNN architectures were tested, both training from scratch and employing
transfer learning.

Results: The CNN architecture that provided the best results was GoogLeNet pretrained on the ImageNet database. The proposed
method was able to assess the age of male subjects in the range of 14-20.5 years, with a mean absolute error (MAE) of 0.793
years, and of female subjects in the range of 14-19.5 years, with an MAE of 0.988 years. Regarding the classification of
minors—with the threshold of 18 years of age—an accuracy of 98.1% for male subjects and 95.0% for female subjects was
achieved.

Conclusions: The proposed method was able to assess the age of youth and young adults from 14 to 20.5 years of age for male
subjects and 14 to 19.5 years of age for female subjects in a fully automated manner, without the use of ionizing radiation,
addressing the drawbacks of traditional methods.

(JMIR Med Inform 2019;7(4):e16291)  doi: 10.2196/16291
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age assessment; bone age; skeletal maturity; deep learning; convolutional neural networks; transfer learning; machine learning;
magnetic resonance imaging; medical imaging; knee
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Introduction

Background
Bone age and skeletal maturity are closely related concepts that
measure the stage of bone development of an individual [1,2].
When compared to the chronological age, they aid in the
diagnosis and in determining the time of treatment of many
pediatric disorders related to orthodontics, orthopedics, and
endocrinology. Further, they are also used in estimations about
the final height of an individual [3].

From a legal standpoint, bone age assessment (BAA) also plays
an important role in the estimation of chronological age. In this
sense, the estimation of the bone age is employed when
determining if an individual is a minor in the absence of valid
documents, which is the case for numerous unaccompanied
minors seeking asylum [2], as well as in adoption, imputability,
and pedopornography judicial and civil issues [4]. The
estimation of chronological age is also used in age-related sports
competitions to guarantee fair play [5,6]. In all of these cases,
BAA is an important tool that is used to make important legal
decisions that can enormously affect an individual's life.

The traditional methods for performing BAA are the
Greulich-Pyle (GP) atlas and the Tanner-Whitehouse (TW)
scoring system. The GP atlas [7] comprises hand and wrist
radiograph reference images of subjects from 0 to 19 years of
age for males and 0 to 18 years of age for females. The process
for determining bone age is done by comparing the nearest
matching reference image in the atlas to the image of the
individual being assessed [3]. The TW scoring system [8] first
analyzes the hand and wrist radiograph of a subject and
categorizes the skeletal maturity scores of the ossification
centers of the radius, ulna, and 13 short bones of the hand and
carpals into stages ranging from A to I. Then, all of the stages
are aggregated into a numerical score that is converted to the
bone age [2].

Drawbacks of the Traditional Age-Assessment Methods
The drawbacks of the GP and TW methods derive from the fact
that they are done manually by radiologists; thus, they can be
prone to inter- and intrarater variability, in addition to being
time-consuming tasks [9,10].

Also, there is an important ethical issue related to submitting
healthy subjects to ionizing radiation without therapeutic
purposes, which is especially important in the case of assessing
if an individual is a minor for legal purposes [10]. This scenario
suggests that new approaches for the assessment of age should
be explored by research in order to address these drawbacks.

The use of radiation-free medical imaging can be achieved by
the employment of magnetic resonance imaging (MRI). An
additional advantage of MRI technology is that it supports the
manipulation of the image's contrast, granting the possibility of
highlighting different tissue types and allowing better
visualization of ossification centers [11,12]. Additionally, since
MRI images are volumetric, more information can be extracted
and analyzed when compared to 2D radiographs [13].

The issues related to rater variability and time spent in the
assessment are big motivators for the use of more automated
techniques like deep learning. Deep learning is a type of machine
learning technique, which refers to algorithms that are able to
learn a task from a set of training examples; in view of a new
set of data, this task can be reproduced with an acceptable
performance [14]. The use of machine learning for health
applications is not new and is broadly employed for disease
prediction and prognosis [14,15], genomics, proteomics, and
microarrays [16]; it has also been used to predict health care
utilization through Web search logs [17]. Contrary to many
machine learning techniques, deep learning methods perform
feature engineering: instead of having a domain expert specify
important data characteristics, it learns the informative
representations in the data and performs a task of classification
or regression [18,19]. When working with medical images, this
is especially advantageous since image features are difficult to
translate into descriptive means [20]. That is the reason why
the first applications of deep learning with health data were
aimed at analyzing medical images, specifically MRI images
of the brain for the prediction of Alzheimer disease and MRI
images of the knee to estimate the risk of osteoarthritis [21]. In
the specific area of BAA, most computerized approaches extract
features following established procedures (eg, TW or GP), which
can be limiting in terms of the information available in the image
[22]. When using deep learning, the algorithm finds the
important representations in the images without any constraint,
which could allow more features in the image to be considered
in the classification or regression task not previously known by
the current methods [22].

Goal of This Study
Taking into account the numerous settings in which the
estimation of chronological age is employed and their
importance and potential effect on individuals' lives, it is
important to address the drawbacks in the methods currently in
use. Thus, this paper proposes an automated approach for age
assessment of youth and young adults (14-21 years of age)
employing deep learning methods with MRI images of the knee.

The knee region aggregates four ossification centers—femur,
tibia, fibula, and patella—but it has not been explored very
much by the research in BAA, which is mostly focused on the
hand and wrist regions; this research makes use of radiograph
images, due to the impact the GP method, which is still
considered by many to be the gold standard for BAA [23]. The
choice of the knee region in this study was motivated by findings
in the research with MRI images that reported the presence of
cartilage signal intensity at the knee ossification centers in male
individuals from 17.8 to 30.0 years of age and female individuals
from 16.6 to 29.6 years of age, which could imply later fusion
of maturation centers [24]. Additionally, recent findings in the
research of BAA with MRI images of the knee also reported a
uniform spatial pattern of maturation of ossification centers in
the knee in both male and female individuals [12].
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Methods

Overview
The fully automated age-assessment method proposed in this
paper uses MRI images of the knee and the subjects'
chronological ages to train deep learning models for continuous
age estimation with convolutional neural networks (CNNs).

An overview of the method is shown in Figure 1. It comprises
two CNN models: the first one is responsible for selecting the
most informative images of an MRI sequence for age-assessment
purposes; these are then fed to the age-prediction CNN, which
outputs an estimated age. The remainder of this section further
details the process of training, deploying, and evaluating the
CNN models of the proposed method as well as the materials
used in the experiments.

Figure 1. Overview of the proposed automated age-assessment method. CNN: convolutional neural network; MRI: magnetic resonance imaging.

Recruitment
This study prospectively acquired MRI images of the knee
region of 402 volunteer subjects—221 males (55.0%) and 181
(45.0%) females—aged 14.0-21.5 years (see Table 1) between
2017 and 2018. It is important to note that throughout the text
of this paper, the mention of an age group X refers to an age
span from X to X.5 (eg, the age group 14 refers to an age span
of 14 to 14.5 years). The criteria used for subject recruitment
in the study were as follows:

1. Inclusion criteria: subjects (1) were born in Sweden and
(2) have a birth certificate verified by national authorities.

2. Exclusion criteria: subjects (1) have a history of bilateral
fractures or trauma near the growth plate, (2) have a history
of chronic disease or long-term medication, (3) exhibit
noncompliance during MRI examinations, (4) have resided
outside Sweden for more than 6 consecutive months, and
(5) experienced a past pregnancy or were pregnant at the
time of recruitment: all female volunteer subjects were
tested.

Table 1. Age distribution of the volunteer subjectsa (N=402).

Total, n (%)Subject age groupb, years, n (%)Gender

2120191817161514

221 (100)33 (14.9)35 (15.8)25 (11.0)24 (10.9)25 (11.3)31 (14.0)26 (11.8)22 (10.0)Male (N=221)

181 (100)24 (13.3)25 (13.8)12 (6.6)20 (11.0)27 (14.9)30 (16.6)21 (11.6)22 (12.2)Female (N=181)

402 (100)57 (14.1)60 (14.9)37 (9.2)44 (10.9)52 (12.9)61 (15.2)47 (11.7)44 (10.9)Total (N=402)

aAll data were acquired within a maximum of 6 months after the subjects' birth dates.
bAge group X refers to an age span from X to X.5 (eg, the age group 14 refers to an age span of 14 to 14.5 years).

Magnetic Resonance Imaging Examinations
The MRI examinations were performed on 1.5 Tesla whole-body
MRI scanners with dedicated knee coils. The images were taken
from the nondominant side of the knee; however, in the case of
previous fracture or trauma near these regions, the dominant
side was imaged.

The examinations were performed in two sites, with the same
protocol, 256 x 256-pixel resolution, and 160 x 160 mm field
of view. The following machinery was used:

1. Site 1: MAGNETOM Avanto Fit (Siemens Healthcare
Gmbh) and Achieva (Philips Healthcare) whole-body
scanners.

2. Site 2: SIGNA (GE Healthcare) whole-body scanner.

Data Privacy and Study Ethics
All acquired data were anonymized and stratified by age and
gender. The study was approved by the local ethics committee
and was conducted in accordance with the Declaration of
Helsinki. Written informed consent was acquired from all
subjects and legal guardians, in the case of minors.

Image Selection
Each MRI examination produced 17-35 images per subject,
however, not all of them were equally informative in regard to
the assessment of the age of an individual. To simplify the age
estimation learning task, only the best images were considered
for the CNN: Age Prediction model. To make the method fully
automated without any need for human input, a CNN classifier
was trained to be able to select the most informative images in
an MRI sequence. An informative image in the context of the
proposed method corresponds to the part of the bone that
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contains anatomical structures of interest, which include the
growth plate, epiphysis, and metaphysis. This classifier
corresponds to the CNN: Image Selection block in Figure 1.

The CNN architecture used was GoogLeNet [25], a model that
has been shown to generalize well to a wide variety of image
classification tasks, medical and otherwise [26].

To be able to train this classifier, one image from each MRI
sequence that had growth zones clearly visible was annotated
as informative. Also, one image from each MRI sequence in

which the growth zones were occluded by other tissue types
was selected and labelled as noninformative. Examples of
informative and noninformative images are shown in Figure 2.

The output of the CNN model is the confidence levels of the
two classes—informative and noninformative—for the given
MRI image. The confidence level is a continuous value between
0 and 1, where 1 is the highest confidence level and the
confidence levels of the two classes sum up to 1. In later steps,
only images with a confidence level for the informative class
above a threshold C on the test set were used.

Figure 2. Examples of informative and noninformative images from the same subject.

Age Prediction
For predicting the age of an individual from the MRI images,
another CNN model was built. This model corresponds to the
CNN: Age Prediction block in Figure 1. Seven different CNN
architectures were considered; these were as follows:
GoogLeNet [25], ResNet-50 [27], Inception-v3 [28], Visual
Geometry Group (VGG) [29], AlexNet [30], DenseNet [31],
and U-Net [32].

The final classification layer of these networks was replaced
with a linear scalar output providing the age estimation. The
only exception from this was U-Net, which is a fully connected
model without classification layers in the end. Here, the linear
scalar output was added after the last convolutional layer instead.

The age-prediction model takes an MRI image with N channels
as input, then outputs the estimated chronological age of the
subject. To create an image with N channels, a subset of the
MRI volume, centered on an image classified as informative,
is extracted (see Figure 3).

Figure 3. Example of how an N-channel image is created from one of the images in the magnetic resonance imaging (MRI) volume classified as
informative.
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Input images of 1-9 channels were tested. The idea was that the
model might be able to use information from neighboring images
to improve results and make the model more robust to mistakes
in the image-selection process.

Training the Models

Training and Evaluation
The Convolutional Architecture for Fast Feature Embedding
(Caffe) deep learning framework [33] was used to train the
models. Training and evaluation were done on Amazon Web
Services on an Elastic Compute Cloud (EC2) P3.2xlarge with
a Tesla V100 Nvidia graphics processing unit.

Optimization
The Adam optimizer [34] was used to minimize the
cross-entropy loss when training the classifier and the Euclidean
loss when training the regressor. Cross-entropy loss for binary
classification is calculated as follows:

–1/N ΣN
i=1yi × log(p(yi)) + (1–yi) × log(1–p(yi)) (1)

with N being the number of training samples per batch, y being
a binary indicator (0 or 1) of the correctness of classification
for an observation o being of class c, and p being the predicted
probability of an observation o being of class c. Euclidean loss
is calculated as follows:

1/2N ΣN
i=1  |xi

1=xi
2|  22 (2)

with N being the number of training samples per batch, x1 the

estimated age, and x2 the verified chronological age.

Cross-Validation
All experiments were performed using six-fold cross-validation,
including the test set. The dataset was split into six equal-sized
parts, with data stratified for age and gender. This data partition
followed the procedure that all of the images from a subject
were assigned to a single fold. Four parts were used for training,

one part was used for validation during training, and one part
was used to finally evaluate and measure the model’s
performance. This was done to be able to evaluate the models
on the full dataset.

Before performing a full cross-validation, a sparse grid search
was performed for each model to find good hyperparameters.
This was done using the validation set of the first
cross-validation split only. The hyperparameters tuned during
the grid search were as follows: learning rate, weight decay,
momentum, dropout ratio, and batch size.

Transfer Learning
Both training from scratch and transfer learning were tested.
Transfer learning is a technique that, instead of using randomly
initialized weights, takes the weights from a CNN that has
already been trained to perform well on a generic task as a
starting point. The model is then adapted by carefully updating
the weights using the task-specific training data. This makes it
possible to leverage larger datasets to avoid overfitting when
the task-specific dataset is small [35,36]. All pretrained models
used in this paper were trained on ImageNet [37]. During the
task-specific training, the weights of all layers were updated.

Data Augmentation
Data augmentation is a technique that aims to synthetically
increase the size of the training set from existing data without
additional labelling work, using geometric or photometric
transformations, noise injections, and color jittering operations.
It is used to prevent overfitting when training CNNs on small
datasets [38,39].

In the proposed method, data augmentation was performed on
all training samples to increase the dataset. The images were
randomly cropped, shifted, rotated at a maximum of five
degrees, and scaled up to 20%. Figure 4 shows examples of the
applied data augmentation operations.

Figure 4. Examples of data augmentation operations applied in the proposed method.

Estimation
When estimating the age on the test set for each subject, all
images with a confidence higher than threshold C of 0.95 for
the informative class were used. Each of these test images were
used to create a number of copies with different augmentations
applied to each copy. All augmented test images were fed
through the network to produce one result each. Finally, the
results from the augmented versions of the images were used
to estimate a final result. This technique has been shown to

improve the performance of the predictions and is widely used
within deep learning [25].

In this method, each image was augmented 15 times, using the
same augmentations as during training, generating 15 new
images. If none of the images for a subject had a confidence
higher than the threshold, the image with the highest confidence
was used instead. This was the case for two subjects only. The
highest confidence value for these subjects were 0.91 and 0.81.
If more than 10 images had a confidence level higher than the
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threshold, only the 10 images with the highest confidence were
used in order to set a maximum limit on the processing time.

Age was estimated for all augmented images and, finally, the
median of all estimated ages for each subject was computed to
get the final prediction. For example, if a subject had eight
images with high-enough confidence, 120 augmented images
were created and 120 ages were estimated, of which the median
was used as the final estimated age.

Results

Overview
Hyperparameters and settings were tuned to optimize the models'
performance. This was done through a sparse grid search on the
first cross-validation split, as specified previously. The
validation set was used for tuning in order to avoid tuning
specifically toward the test set and thereby overestimating the
models' performance on new data. The final results reported in
this section were evaluated on the full dataset from the
cross-validation test sets in terms of the mean absolute error
(MAE), calculated as follows:

MAE = 1/n Σn
i=1 |xi–x| (3)

with n being the number of samples, xi being the estimated age,
and x being the verified chronological age.

Conclusions From Experiments
Fine-tuning pretrained models showed significantly better results
compared to training the models from scratch. The two
architectures that showed best results were GoogLeNet and
ResNet-50. Training on men and women subjects separately
gave better results for both groups compared to single training
using all data.

The best results were achieved using a confidence threshold C
of 0.95 in the image selection data preprocessing stage for
choosing the most informative MRI images. The results did not
change much using different thresholds. MAE differed only by
0.004 years when using thresholds in the range of 0.5-0.99.

Results were very similar when using MRI images with one or
three channels, but with more channels than three the
performance dropped. This can be due to the increasing number

of parameters in the models when using more channels, which
might lead to overfitting. Using one channel gave a slightly
better result, which is why we used this in our final models.

The hyperparameters that gave the best results were as follows:

1. Learning rate: 1e-4
2. Weight decay: 1e-2
3. Momentum: 0.83
4. Dropout ratio: 0.7 for GoogLeNet and 0.6 for ResNet-50
5. Batch size: 66 for GoogLeNet and 30 for ResNet-50

The best results were achieved when resizing the images to
256×256 pixels for both GoogLeNet and ResNet-50. Both these
architectures use cropped images of size 224×224 pixels as
input.

Results for the Best Models
The results for the experiments with the best-performing models,
GoogLeNet and ResNet-50, in terms of the MAE and SD per
age group is shown in Figure 5 and detailed in Table 2 below.
The acquisition of the MRI images happened in a window within
6 months from the subjects' birthdays. The best overall results
for male subjects were achieved by the GoogLeNet model using
knee MRI images. When training the age-prediction model for
women, only the architecture performing best on men was
considered.

There is a clear trend on all of the experiments among male
subjects in which the MAE increases substantially from the age
of 21. The same phenomenon occurs for the model among
women subjects but from the age of 20. These results lead us
to believe that after the ages of 20.5 for men and 19.5 for
women, no information regarding older ages can be extracted
from the MRI image data, regarding the knee region. This is
also supported by Figure 6 and Table 3, which show that the
mean estimated age planes out around these ages for the
respective genders. The models underestimated the age more
and more the older the subjects got after these ages. In
conclusion, the presented method is not able to estimate ages
above 20.5 for men and above 19.5 for women. Therefore, these
ages were removed in the results below, which focus on the
applicable age ranges for the models: 14 to 20.5 years for men
and 14 to 19.5 years for women.
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Figure 5. Comparison of the best-performing models: GoogLeNet and ResNet-50. MAE: mean absolute error.

Table 2. Results from the experiments with the best-performing models: GoogLeNet and ResNet-50.

Subject age groupa in years, MAEb (SD)Gender, model

2120191817161514

1.37 (0.59)0.51 (0.49)0.55 (0.70)1.14 (1.19)0.98 (1.17)0.99 (1.07)0.73 (0.80)0.74 (0.50)Men, GoogLeNet

1.51 (0.57)0.66 (0.63)0.54 (0.72)1.18 (1.18)1.15 (1.38)0.95 (1.11)0.75 (0.92)0.58 (0.50)Men, ResNet-50

1.75 (0.62)1.25 (0.73)0.54 (0.55)0.61 (0.70)1.09 (1.34)1.57 (1.08)0.89 (1.05)0.75 (0.56)Women, GoogLeNet

aAge group X refers to an age span from X to X.5 (eg, the age group 14 refers to an age span of 14 to 14.5 years).
bMAE: mean absolute error.

JMIR Med Inform 2019 | vol. 7 | iss. 4 | e16291 | p. 7http://medinform.jmir.org/2019/4/e16291/
(page number not for citation purposes)

Dallora et alJMIR MEDICAL INFORMATICS

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 6. Mean age and mean estimated age per age group with the best-performing model, GoogLeNet, on male and female subjects.

Table 3. Mean age and mean estimated age per age group by the best-performing model, GoogLeNet, on male and female subjects.

Subject age groupa, yearsGender

2120191817161514

21.1820.2319.1818.1817.2116.1915.2414.23Men, mean age

19.8019.8019.3618.7517.0916.6215.5214.96Men, mean estimated age

21.2120.2519.2918.1917.2216.1915.2414.22Women, mean age

19.0019.0018.7918.4517.7217.5015.6714.93Women, mean estimated age

aAge group X refers to an age span from X to X.5 (eg, the age group 14 refers to an age span of 14 to 14.5 years).

Results for the Best Models in the Applicable Age
Ranges
Figure 7 shows the MAE in years for the best models in their
applicable ranges: 14-20.5 years for men and 14-19.5 years for

women. The best achieved result for the age prediction of youth
and young adult individuals in this study corresponds to an
MAE of 0.793 years for men and 0.988 years for women, using
the GoogleNet architecture.
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Figure 7. Mean absolute error (MAE) of the best-performing models in the applicable age ranges.

Results for the GoogLeNet Model in the Applicable
Age Ranges for Male and Female Subjects
Figures 8 and 9 show the MAE for the GoogLeNet model
applied to male and female subjects, respectively, in the

applicable age ranges. It is interesting to notice that the age
range with the highest error occurs earlier for females (age group
of 16) compared to men (age group of 18). This goes in line
with previous knee studies where findings showed that women
mature earlier than men [40].

Figure 8. Mean absolute error (MAE) for the GoogLeNet model for male subjects in the applicable age ranges.
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Figure 9. Mean absolute error (MAE) for the GoogLeNet model for female subjects in the applicable age ranges.

Classification Performance of Minors Versus Adults
Experiments were also performed for classification of subjects
as being adults or minors, considering the age of 18 years old
as the adulthood threshold. This classification is especially
important in cases regarding the age assessment of minors from
a legal standpoint.

No new training of models was performed. Instead, the
classification of adults and minors was performed by applying
a threshold to the estimated age from the best-performing models
trained in the age-assessment experiments.

Three different strategies for setting the threshold were
evaluated:

1. Setting the threshold to increase the accuracy for minors
and sacrificing accuracy for adults.

2. Setting the threshold to get as equal accuracy as possible
for adults and minors.

3. Using the threshold of 18 years of age without any
modification.

The results for male subjects are shown in Figure 10 and Table
4. The same procedures and reasoning were also applied to the
women's case and the results are shown in Figure 11 and Table
5.
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Figure 10. Accuracies for minor versus adult classification of male subjects, using threshold to increase accuracy for minors.

Table 4. Accuracies for minor versus adult classification of male subjects.

Accuracy for adults, %Accuracy for minors, %Threshold in yearsStrategy for setting the threshold

88.098.118.73Using the threshold to get lower errors for minors

93.293.318.38Using the threshold to get as equal accuracy for adults and minors as possible

95.790.418.00Using estimated age without modifying the threshold

Figure 11. Accuracies for minor versus adult classification of female subjects, using threshold to increase accuracy for minors.

Table 5. Accuracies for minor versus adult classification of female subjects.

Accuracy for adults, %Accuracy for minors, %Threshold in yearsStrategy for setting the threshold

45.795.019.11Using threshold to get lower errors for minors

85.285.018.20Using threshold to get as equal accuracy for adults and minors as possible

88.977.018.00Using estimated age without modifying the threshold
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Discussion

Principal Findings
This paper proposed a fully automated method, free from
ionizing radiation, for age assessment based on MRI images of
the knee using CNNs. The method was able to assess the age
of male subjects in the range of 14-20.5 years of age, with an
MAE of 0.793 years, and of female subjects in the range of
14-19.5 years of age, with an MAE of 0.988 years.

The method developed in this paper addresses and proposes
solutions to the drawbacks in age-assessment research, which
currently deals with the following:

1. Ethical issues of submitting healthy individuals to ionizing
radiation for nontherapeutic purposes [10], since most of
the established methods (ie, GP and TW) and recently
published methods make use, mostly, of radiographs as the
analysis input [23]. This paper showed that it is possible to
achieve a good estimation of age by employing MRI images
instead.

2. Lowering the risk of intra- and interrater variability, which
can be very high when general radiologists are employed
in the assessment of age instead of high-expertise pediatric
radiologists [41,42]. Also, there is limited evidence that
contrasts with the findings of manual raters and automatic
systems regarding chronological age assessment, since most
of the published material is directed to predict bone age
[23]. However, a novel study reports a higher rate of false
positives in classifying adults—with a threshold of 18
years—from hand images for manual raters compared to a
deep learning system [43].

3. Time spent on assessment [9] addressed by the automation
of the proposed method, which is able to perform
evaluations in real time.

It is also important to mention that the proposed method in this
paper provides the estimation of chronological age based on
MRI images of the knee, contrary to most previous research,
which aimed at estimating bone age and evaluating the methods
using bone age and not chronological age. While the concept
of bone age is certainly useful and important in many clinical
settings, it was not conceived as a method to determine the
chronological age of an individual. It was used to examine the
developmental status of children and adolescents in comparison
to their known chronological age, which can be advanced or
delayed due to a multitude of factors that include chronic
illnesses, hormonal disorders, etc [7,10]. The widespread use
of BAA as an estimation of chronological age sometimes
confuses these concepts and they are erroneously used
interchangeably, as in many studies to justify the execution of
BAA to judicial and civil issues. Also, it can be argued that the
bone age attributed to an individual may be subjective and there
is no objective way to obtain a confirmation of the exact number.
In a clinical setting this may not be a problem since doctors can
work with secure thresholds, but if the estimation is done for
legal purposes it can become problematic, since decisions based
on this estimation, especially regarding the ages of adulthood,
can greatly affect the life of the individual in question.

Regarding our experiments, it is shown that for the male
subjects, after the age of 20.5 the model could not identify any
more information in the MRI images to discriminate the age of
individuals. The same phenomenon occurred at the age of 19.5
for female subjects, which could indicate that the
transformations that occur in the knee area related to the
maturation process occur earlier in women than in men. This
is in line with prior research on the knee region [12,24,44].

We also had satisfactory results for the problem regarding the
classification of minors versus adults, considering the threshold
of 18 years of age, which can be especially important in civil
and judicial scenarios. Misclassification of minors as adults can
often be viewed as much more problematic than the inverse,
since the imputability for the application of laws, as well as
guaranteed rights, may be different for these groups of
individuals and usually harsher for adults. Our method can
reduce that problem by distributing the errors depending on the
application, using a modifiable threshold applied to the estimated
age. Our method achieved an accuracy of 98.1% for male
subjects and 95.0% for female subjects when it came to correctly
classifying minors from the MRI images, when using a threshold
that increased the accuracy for minors and sacrificed accuracy
for adults.

From an operational point of view, the CNN technology
employed with transfer learning can be seen as an enabler in
performing research with medical images. The high cost for
medical imaging can result in smaller datasets for many studies,
but this caveat can be partially addressed when using the transfer
learning technology on pretrained CNNs that have learned
features from generic images. In this study, even if the features
changed during training they were not changed much in our
case. Generic features seem to work in a satisfactory way for
MRI images; it is just detecting edges, corners, and blobs, which
are relevant in MRI images as well as in generic images.
Therefore, there is a possibility of applying automated methods
even for smaller datasets. The study by Spampinato et al
reported similar conclusions, but for radiographs of the hand
[36].

Comparison With Prior Work
We propose a fully automated and radiation-free method for
chronological age assessment based on MRI images of the knee
region, employing deep learning techniques. We could not find
prior published work with the same attributes in the literature,
as not much work has been done in estimating chronological
age per se.

A recent study by Stern et al [43] employed MRI volumes of
the hand with CNNs in order to predict chronological age of
male subjects from 13 up to 19 years of age. They reported an
MAE of 0.82 years for subjects under 18 years of age. They
also reported results on majority age classification for male
subjects between the ages of 13 and 25 years. An error of 5%
for minors gave an error of 27.5% for adults, and an error of
1% for minors gave an error of 67.2% for adults. This can be
compared to our results where an error of 1.9% for minors gave
an error of 12% for adults on male subjects between the ages
of 14 and 22 years. In an earlier study by Stern et al [45], they
proposed a multi-factorial age estimation method using MRI
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volumes of the hand, clavicle, and teeth with CNNs. With this
approach, they managed to predict chronological age of male
subjects from 13 up to 25 years of age with an MAE of 1.01
years. They also reported results on majority age classification,
where an error of 0.5% for minors gave an error of 25.0% for
adults, and an error of 3% for minors gave an error of 18.1%
for adults. This can be compared to our results, where an error
of 1.9% for minors gave an error of 12% for adults on male
subjects between 14 and 22 years of age. The results on majority
age classification in these two papers by Stern et al [43,45] are
the best published results so far, using one or multiple body
parts. However, our results are significantly better even
compared to their method using MRI data from three different
body parts.

The study by Tang et al [46] proposed an artificial neural
network model for estimating the chronological age of subjects
(12-17 years old) using MRI images of the hand and wrist and
other skeletal maturity factors of 79 subjects. In this study, the
authors chose as the performance metric the comparison between
the mean chronological age for all subjects and the mean
estimated age for all subjects (ie, mean disparity), not calculating
the error per subject, which could be misleading. The mean
disparity measures whether there is a constant offset in the
estimations, not the performance of the model on a per-subject
level, like MAE does. A model can, therefore, have large errors
in age estimation for all subjects and high MAE but can still
have a small mean disparity; the MAE was not reported in this
paper. Additionally, the reported results were on the validation
set, probably due to the small sample size. In this fashion, the
authors reported a mean disparity of 0.1 years between the
estimated skeletal age and the chronological age.

Prior published methods for BAA that employed automated
methods still focused mostly on the hand and wrist regions for
the age assessment and made heavy use of radiographs as the
input for their systems, as reported by a recent systematic
literature review (SLR) and meta-analysis on BAA systems
[23].

In this SLR, only two studies were reported to have made
assessments based on the knee. The study by O’Connor et al
[44] proposed a scoring system based on the assessment of knee
radiographs as to the stage of epiphyseal fusion of the femur,
tibia, and fibula on subjects from 9 to 19 years of age, employing
regression model-building techniques. This study reported
residuals of more than 2 bone-age years for both male and
female individuals. The study by Fan et al [24] aimed to
compare the age assessment based on the knee region from
radiographs and MRI images on subjects from 11 to 25 years
of age. They built regression models for bone age based on the
scoring system by Krämer et al [47] for both image modalities,

yielding better results for the MRI images, achieving R2 values
(eg, the variance in the dependent variable that is predicted from
the independent variables in regression models) of 0.634 and
0.654 for female and male subjects, respectively.

On the choice of medical imaging, the referred SLR reported
only three studies that built systems for BAA based on MRI
images; one of these was the study by Tang et al [46], mentioned
previously. The study by Urchsler et al [13] designed a system

with the deep learning technology to automatically locate the
ossification centers on MRI images of the hand and wrist to
assess the bone age of individuals, 13-20 years of age, with
random forests. This study obtained an MAE of 0.850 bone-age
years. The study by Hillewig et al [48] obtained MRI images
from the clavicle and radiograph images from the hand and
wrist of 220 subjects, 16-26 years of age, and evaluated these
regions according to the Schmeling et al [49] and Kreitner et al
[50] scoring systems for the clavicle and the hand and wrist,
respectively. The study concluded that the assessment of the
clavicle alone was not sufficient to discriminate individuals as
younger or older than 18 years of age, thus requiring the
information from the hand and wrist for the assessment.

Another noninvasive and radiation-free medical imaging method
for the estimation of age that is reported in the literature is the
assessment of retinal images, which is an approach that provides
diagnostic evidence about important diseases, such as
cardiovascular disease and diabetes. Retinal images were
assessed with deep learning in the study by Poplin et al [51] in
predicting a variety of cardiovascular risk factors, including
age, which achieved an MAE of 3.26 years. Retinal images
were also assessed by Ting et al [52] in estimating the
prevalence and systematic risk factors for diabetic retinopathy,
which included young age.

In regard to approaches that make use of deep learning methods
in the field of BAA, the biggest initiative posed in recent years
was done so by the Radiological Society of North America
(RSNA) for the prediction of bone age: the RSNA 2018
Pediatric Bone Age Challenge [53]. This challenge aimed to
encourage participants to develop algorithms that could
most-accurately determine the bone age of subjects from 0 to
19 years of age, providing a database of around 12,000
radiograph images of the hand and wrist, labeled as to their
bone age [53]. The participants proposed CNN models, like the
ones by Iglovikov et al [54], Zhao et al [55], and Ren et al [22],
which achieved MAEs of 7.52, 7.66, and 5.2 months. However
good the obtained results were, they were not comparable to
our results, since our aim was to predict the chronological age
of a subject, and the RSNA project’s goal was to predict the
bone age. It is also important to note that although these studies
made use of large-enough sample sizes, the data were not
uniformly distributed, as only 0.1% of the dataset was composed
of individuals of 18 and 19 years of age. Additionally, Dallora
et al [23] provided a meta-analysis on the performances based
on seven studies, which contained all three deep learning studies
mentioned previously, where the age ranges were mostly within
0-19 years of age and the performance metrics were given in
MAE (bone-age months). The weighted average by the dataset
size resulted in 9.96 MAE (bone-age months), which is higher
than the results presented in this paper.

Limitations
Regarding the limitations of this study, it could be argued that
the sample size would not be big enough to be generalizable;
therefore, we employed methods to ensure that the models did
not overfit by using test sets separated from the training and
validation sets. The results showed that the model was able to
generalize to new data in the test sets. Additionally, further
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work will be directed to the collection of more data, which may
improve the precision and MAE of our models.

Also, we aimed at having a uniform number of subjects for each
age group, which was achieved by the data acquisition process;
an exception was for the 19-year-old female subjects, who
accounted for only 12 subjects, which could be seen as a caveat
to the female model.

Additionally, the acquisition of ages for the first half year from
each age group may interfere with the estimation accuracy of
the minor versus adult classification. The largest impact occurs
for the ages closest to 18 years. The missing data for those
17.5-17.99 years of age is important and we plan to collect new
data to complement those ages in future work. Concerning the

MAE numbers, these missing ages do not have as much impact
as for the accuracy numbers.

Finally, the method was built upon data from healthy youth and
young adult subjects and the effect of disorders that can affect
growth was not explored.

Conclusions
This paper proposed a model for the estimation of chronological
age in youth and young adults using MRI images of the knee.
Our method demonstrated good results and addressed the biggest
drawbacks in the traditional age-estimation procedures that are
still currently in use. Our results on majority age classification
were significantly better than the best results previously
published.
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Abstract

Background

Dementia is a complex disorder characterized by poor outcomes for the patients and high

costs of care. After decades of research little is known about its mechanisms. Having prog-

nostic estimates about dementia can help researchers, patients and public entities in deal-

ing with this disorder. Thus, health data, machine learning and microsimulation techniques

could be employed in developing prognostic estimates for dementia.

Objective

The goal of this paper is to present evidence on the state of the art of studies investigating

and the prognosis of dementia using machine learning and microsimulation techniques.

Method

To achieve our goal we carried out a systematic literature review, in which three large data-

bases—Pubmed, Socups and Web of Science were searched to select studies that

employed machine learning or microsimulation techniques for the prognosis of dementia. A

single backward snowballing was done to identify further studies. A quality checklist was

also employed to assess the quality of the evidence presented by the selected studies, and

low quality studies were removed. Finally, data from the final set of studies were extracted in

summary tables.

Results

In total 37 papers were included. The data summary results showed that the current

research is focused on the investigation of the patients with mild cognitive impairment that

will evolve to Alzheimer’s disease, using machine learning techniques. Microsimulation

studies were concerned with cost estimation and had a populational focus. Neuroimaging

was the most commonly used variable.
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Conclusions

Prediction of conversion from MCI to AD is the dominant theme in the selected studies.

Most studies used ML techniques on Neuroimaging data. Only a few data sources have

been recruited by most studies and the ADNI database is the one most commonly used.

Only two studies have investigated the prediction of epidemiological aspects of Dementia

using either ML or MS techniques. Finally, care should be taken when interpreting the

reported accuracy of ML techniques, given studies’ different contexts.

Introduction

Dementia is a complex disorder that affects the brain. It is most prevalent in the elderly popu-

lation, responsible for a progressive cognitive decline severe enough to interfere with the

patient’s daily functioning and independence. Although decades of research have been dedi-

cated to studying it, little is known about its mechanisms and there is still no disease modifying

treatment that is able to stop or significantly delay its progression [1]. The most common form

of dementia pathology is the accumulation of amyloid plaques in the brain and tau proteins

inside the neurons. Amyloid plaques are very small in size (about 0.1 mm) and are formed by

protein fragments Aβ, surrounded by dysfunctional neurons, whilst tau proteins accumulated

inside the neurons form fibrillary tangles [2]. Together, these two factors are believed to be

highly correlated to the neurodegeneration process [2].

Beyond the loss of independence, studies estimate that persons with dementia face mortal-

ity risks two times higher than that for similar groups without dementia [3] and deal with 2 to

8 additional chronic diseases that may accelerate their decline in daily functioning [1,4]. There

are also consequences for the caregivers, especially for the family of the affected persons, who

report low confidence in managing the condition, high levels of strain and depressive symp-

toms [5].

The demographic changes, with an increasing number of older people worldwide, will dra-

matically increase the cost in health and care programs. In 2011 the global estimated number

of people with dementia was 35.6 million, and the trend points to a 100% increase within 20

years [6]. In comparison to other chronic disorders, in 2010 the global direct cost (prevention

and treatment) and indirect cost (owing to mortality and morbidity) of cancer and diabetes

were respectively $290 billion and $472 billion, while in 2014 the direct cost of Alzheimer’s

Disease (AD), in USA alone, was of $214 billion [2].

Given that dementia is a serious disorder that brings so many challenges to patients, care-

givers and public entities, and for which research on treatments are still on course, it is

extremely important to investigate dementia’s prognosis. Prognostic estimates can aid

researchers in finding patterns on disease progression, support public entities in allocating

resources for the creation and maintenance of healthcare programs, and also aid patients and

their caregivers in understanding more about their condition [7]. To be able to derive such

useful estimates about dementia, reliable patient data is needed, like the ones from randomized

clinical trials e.g. the Finnish Geriatric Intervention Study to Prevent Cognitive Impairment

and Disability (FINGER), and the Healthy Aging Through Internet Counseling in the Elderly

(HATICE), or other study initiatives/consortiums e.g. the Swedish National Study on Aging

and Care (SNAC), Alzheimer’s Disease Neuroimaging Initiative (ADNI), and European Alz-

heimer’s Disease Consortium Impact of Cholinergic Treatment Use (EADC-ICTUS).
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The existence of health data allows for the execution of analyses that can derive several

types of prognostic estimates. Two data analysis approaches that are specially focused in pre-

diction and could be of great service to prognostic studies are: machine learning (ML) and

microsimulation (MS) [8,9].

ML is already widely employed in biological domains such as genomics, proteomics, micro-

arrays, systems biology, evolution and text mining [8]. It comprises a group of techniques that

are able to learn from a set of examples (training set) to perform a task, so that this task can be

performed with a completely new data set [10]. The most common learning approaches for

ML techniques are supervised or unsupervised learning. When a supervised learning approach

is used, the training set is composed by labeled examples (input and output variables). The

most common tasks that use such approach are classification, in which the data is categorized

in a finite number of classes; and regression, in which a function maps input variables to a

desirable output variable [11]. Unsupervised learning happens when the data is not labeled, so

the algorithm will work to find patterns that describe the data. Clustering is a common

employed task, and characterizes the partitioning of a data set following a certain criteria [10].

Depending on the available health data and problem that needs to be solved, both supervised

and unsupervised approaches can be used for prognostic estimates [11].

In the past there has been a number of studies that used standard statistics for disease pre-

diction and prognosis (e.g. cancer, dementia). Such studies were feasible because “our depen-

dency on macro-scale information (tumor, patient, population, and environmental data)

generally kept the numbers of variables small enough so that standard statistical methods or

even a physician’s own intuition could be used to predict cancer risks and outcomes” [12].

However, the world has changed into a reality where high-throughput diagnostic and imaging

technologies are used, which, as a consequence lead to an overwhelming number of molecular,

cellular and clinical parameters [12]. This has been the case in cancer as well as in dementia

research, amongst other diseases. In such circumstances, as clearly stated by Cruz and Wishart

[12] “human intuition and standard statistics don’t generally work. Instead we must increas-

ingly rely on nontraditional, intensively computational approaches such as machine learning.

The use of computers (and machine learning) in disease prediction and prognosis is part of a

growing trend towards personalized, predictive medicine”. Such argument is also shared by

others, such as Kourou et al. [10], who have even explicitly removed from their Mini review

any studies that employed conventional statistical methods (e.g. chi-square, Cox regression).

Finally, we also share the same view as Cruz and Wishart [12] with respect to the advantages

that ML techniques provide, when compared to standard statistics: “Machine learning, like sta-

tistics, is used to analyze and interpret data. Unlike statistics, though, machine learning meth-

ods can employ Boolean logic (AND, OR, NOT), absolute conditionality (IF, THEN, ELSE),

conditional probabilities (the probability of X given Y) and unconventional optimization strat-

egies to model data or classify patterns”; further, ML “still draws heavily from statistics and

probability, but it is fundamentally more powerful because it allows inferences or decisions to

be made that could not otherwise be made using conventional statistical methodologies..”. [12]

One point to note is that the studies that use ML techniques for prognosis deal mostly with

individuals as their unit of study. However, prognosis can also be extended beyond individuals

to also include populations (e.g. studies by Suh and Shah [13] and Jagger et al [14]). To focus

upon populations may be a suitable choice for example, when addressing the dementia family

of diseases, as their long-term presence and considerable direct or indirect costs require signif-

icant investment, economic arrangements, and development of care facilities & infrastructure.

Therefore, to address dementia prognosis in populations, we included MS methods, as this is a

technique that has been traditionally used for prediction in populations.
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MS models are closely related to an agent-based simulation model and aim to model indi-

viduals in a specific context though time [15,16]. The result of this simulation can give insights

about the overall future of that population. MS has been used in healthcare to study how the

screening programs can change morbidity and mortality rates or to estimate the economic

aspects of diagnosis in specific diseases [9]. The same rationale could be applied in prognosis

of dementia-related diseases and to apply MS as means to obtain insights on dementia prog-

nostic isolation at the population level (in contrast to an individual level).

Given the abovementioned motivation, this paper aims to detail a systematic literature

review that investigates the state of the art on how the ML and MS techniques are currently

being applied to the development of prognostic estimates of dementia, aiming to answer the

research question: “How are the machine learning and microsimulation techniques being

employed by the researches on the prognosis of dementia and comorbidities?”.

This paper is organized as follows: the Method section presents the approach followed to

conduct the review; the Results section presents summarized data from the included studies;

the Discussion section argues about the results and presents threats to validity; and the Con-

clusion section presents final statements and comments on future work.

Methods

A systematic literature review (SLR) identifies, evaluates and interprets a significant and repre-

sentative sample of all of the pertinent primary studies of the literature concerning a topic of

the research. SLRs execute a comprehensive search following a preset method that specifies

focused research questions, criteria for the selection of studies and assessment of their quality,

and forms to execute the data extraction and synthesis of results [17]. Among the motivations

for conducting a SLR, the most common are: to summary all the evidence about a topic; to

find gaps in the research; to provide a ground for a fundament to new research; and to examine

how the current research supports a hypothesis. Performing a SLR comprises the following

steps: (i) identify the need for performing the SLR; (ii) formulate research questions; (iii) exe-

cute a comprehensive search and selection of primary studies; (iv) assess the quality and extract

data from the studies; (v) interpret the results; and (vi) report the SLR [18,19].

The SLR reported herein is part of a multidisciplinary project, in which five participants

with different expertise (health, machine learning and bioinformatics) took part. Throughout

the text, references to the authors will use a notation, in which A1 refers to the first author; A2

refers to the second author, and so forth.

The main research question this SLR aims to address is: “How are the machine learning

and microsimulation techniques being employed by the researches on the prognosis of demen-

tia and comorbidities?”. This main question was decomposed further into five research

questions:

• RQ1: Which ML and MS techniques are being used in the dementia and comorbidities

research?

• RQ2: What data characteristics (variables, determinants and indicators) are being consid-

ered when applying the ML or/and MS techniques (physiological, demographic/social,

genetics, lifestyle etc)?

• RQ3: What are the goals of the studies that employ ML or MS techniques for prognosis of

dementia and comorbidities?

• RQ4: How is data censoring being handled in the studies?

• RQ5: Do the studies focus on individuals or populations?
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Partial results for questions RQ2 and RQ3 were the subject of a previous publication by the

same authors [18]. The present paper builds upon these questions and additionally presents

the results of the other two additional research questions.

Further, the key terms related to comorbidities were included in the search string to ensure

that relevant studies about ML or MS for the prognosis of a disease, where dementia is consid-

ered a comorbidity to that disease would also be retrieved from the database searches, even

when the term dementia was not mentioned in the paper’s title or abstract.

The protocol that guided the execution of this SLR is available at https://goo.gl/6Jddw3

Search strategy

To address the research questions, a search string was defined using the PICO approach,

which decomposes the main question into four parts: population, intervention, comparison

and outcome [19]. The comparison component was discarded because the SLR was mainly

concerned with a characterization. For each of the remaining components, keywords were

derived and their rationale can be represented as follows:

• Population: Studies that present research on dementia and comorbidities. Dementia’s key-

words were selected from the “Systematized Nomenclature of Medicine–Clinical Terms”

and selected by A4. Comorbidities’ keywords were extracted from the Marengoni et al. SLR

in this topic [20].

• Intervention: ML or MS techniques. The ML keywords were selected from the branch

“Machine Learning Approaches” of the “2012 ACM Computing Classification System”. The

MS keywords were selected by A2.

• Outcome: Prognosis on dementia and comorbidies. The prognosis keywords were provided

by A4.

The automated searches were performed in the Pubmed, Web of Science and Scopus data-

bases. Table 1 shows the search string used for the Pubmed automated search, but note that

this search string was adapted to each of the other databases’ search context.

Table 1. Search string used in the Pubmed automated search.

Search Date October 23rd of 2015

("Dimentia" OR "Dementia" OR "Alzheimer" OR "Mixed Dementia" OR "Vascular Dementia" OR "Lewy

Bodies" OR "Parkinson" OR "Creutzfeldt-Jakob" OR "Normal pressure hydrocephalus" OR "Huntington

disease" OR "Wernicke-Korsakoff Syndrome" OR "Frontotemporal Dementia" OR "Neurosyphilis" OR

"complex of Guam" OR "Subcortical leukoencephalopathy" OR "Comorbidities" OR "Comorbidity" OR "Co-

morbidity" OR "multimorbidity" OR "multimorbidities" OR "multi-morbidity") AND ("Machine Learning" OR

"Data Mining" OR "Decision Support System" OR "Clinical Support System") AND ("Classification" OR

"Regression" OR "Kernel" OR "Support vector machines" OR "Gaussian process" OR "Neural networks"

OR "Logical learning" OR "relational learning" OR "Inductive logic" OR "Statistical relational" OR

"probabilistic graphical model" OR "Maximum likelihood" OR "Maximum entropy" OR "Maximum a

posteriori" OR "Mixture model" OR "Latent variable model" OR "Bayesian network" OR "linear model" OR

"Perceptron algorithm" OR "Factorization" OR "Factor analysis" OR "Principal component analysis" OR

"Canonical correlation" OR "Latent Dirichlet allocation" OR "Rule learning" OR "Instance-based" OR

"Markov" OR "Stochastic game" OR "Learning latent representation" OR "Deep belief network" OR "Bio-

inspired approach" OR "Artificial life" OR "Evolvable hardware" OR "Genetic algorithm" OR "Genetic

programming" OR "Evolutionary robotic" OR "Generative and developmental approaches" OR

"microsimulation" OR "micro-simulation" OR "microanalytic simulation" OR "agent-based modeling") AND

("prognosis" OR "prognostic estimate" OR "predictor" OR "prediction" OR "model" OR "patterns" OR

"diagnosis" OR "diagnostic" OR "Forecasting" OR "projection")

https://doi.org/10.1371/journal.pone.0179804.t001
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Study selection

The first step of the study selection was the execution of an evaluation round with 100 random

papers from the 593 results returned from the automated searches. These had their title and

abstracts assessed by A1, A2 and A3, according to inclusion and exclusion criteria defined pre-

viously in the protocol (see Table 2). This step was mainly concerned in maintaining the con-

sistency of the selection between the participants throughout the SLR.

The remaining 493 results had their title and abstracts assessed by A1 and A2, according to

the inclusion and exclusion criteria. After the evaluations, 37 papers were selected. Then a

one-iteration backward snowballing was carried out looking for possible additional studies.

The 1199 new identified studies were assessed analogously as the previous ones, resulting in 41

new selected papers. Throughout the whole selection process, A3 and A4 acted in conflict reso-

lution in the case where A1 and A2 couldn’t reach an agreement.

In total, 78 papers were selected to be fully read and assessed regarding its eligibility. The

ones that successfully passed the established criteria previously defined in the protocol, had

their relevant data extracted.

In order to minimize the chance of selecting studies with bias evidence, a quality assessment

questionnaire was used. This questionnaire was adapted from Kitchenham’s guidelines [18]

and can be found in the SLR protocol. If the grading attributed to a paper fell below 8 points

(out of a total of 12), it would be rejected for quality reasons. The 8-point threshold was

decided in the research group discussions involving all the authors. In this phase, a paper

could also be rejected due to inclusion and exclusion criteria because the selection process

adopted an inclusive approach. This means that during the reading of the titles and abstracts,

in the case where the information provided was incomplete or too general it was selected to be

fully read in the posterior phase. A common example is the case when the data analysis tech-

nique specified in the abstract was merely “classification”, so it was not possible to know if any

machine learning occurred.

As in the study selection, a quality assessment evaluation round was performed beforehand

to ensure consistency in the evaluations. A1, A2 and A5 participated in this task.

In total, 37 studies composed the final set of included primary studies and had their relevant

data extracted, 7 papers were rejected due quality reasons, and 34 papers were rejected due to

failing the inclusion and exclusion criteria. One reason for the high number of the latter was

the decision to exclude the papers that used solely statistical methods as data analysis tech-

niques to build the prognostic models.

The selected studies were also assessed for the risk of cumulative evidence bias. This was

done by checking, in the case of the same research group with different studies in the final set

of included primary studies, if it was justified having both studies (i.e different samples).

Data collection

For the data collection, a base extraction form was defined in the protocol, but later in the

study it was evolved based on the research group discussions. Table 3 lists and defines the col-

lected variables.

Table 2. Inclusion and exclusion criteria for assessing the studies returned by the searches.

Inclusion Criteria Exclusion Criteria

Be a primary study in English; AND address

research on dementia and comorbidities; AND

address at least one ML or MS technique; AND

address a prognosis related to dementia and

comorbidities.

Be a secondary or tertiary study; OR be written in

another language other than English; OR do not

address a research on dementia and comorbidities;

OR do not address at least one ML or MS technique;

OR do not address a prognosis related to dementia

and comorbidities.

https://doi.org/10.1371/journal.pone.0179804.t002
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In addition to these variables other basic data about the studies was collected, these were:

title, authors, journal/source, year and type of publication. No summary measures were used.

Summary tables were used for the synthesis of results and no additional analyses were car-

ried out.

Results

The PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) Flow

chart that describes the selection of the articles is shown in Fig 1.

A total of 78 results were assessed for eligibility having 37 studies selected as part of the final

set of included primary studies, 7 studies excluded for falling out of the threshold of the quality

assessment (8 out of 12), 3 studies excluded for not being a primary study, 7 studies excluded

for not being about a prognostic estimate, 23 studies excluded for not making use of a ML or

MS technique, and 1 study excluded for dealing with cognitive decline, but not dementia spe-

cifically (see S1 Table).

Three groups of common authors had 2 papers included in the final set of included studies,

these were: Zhang, Daoqiang and Shen, Dinggang; Llano, Daniel A. and Devanarayan, Viswa-

nath; and Moradi, Elaheh, Tohka, Jussi and Gaser, Christian. After the assessment for possible

bias it was found that in these cases, either the sample varied or the categories of variables

changed, not representing cumulative evidence bias to the SLR.

Fig 2 shows the frequency of primary studies per year of publication. It has to be remarked

that the frequency showed for the year 2015 refers to studies published until October, when

the search was performed.

Identified machine learning techniques

This section presents the results that address research question RQ1: “Which ML and ML tech-

niques are being used in the dementia and comorbidities research?”

Regarding the ML techniques, the synthesis of the extracted data shows that the most fre-

quently used ML techniques were Support Vector Machines (SVM) (30 studies), Decision

Trees (DT) (6 studies), Bayesian Networks (BN) (6 studies) and Artificial Neural Networks

(ANN) (3 studies). These results are consistent with the cancer prognosis research, which also

lists ANN, DT, SVM and BN as the ones most widely used [10]. In the cancer field, SVMs are

relatively new algorithms that have been widely used due to its predictive performance, ANNs

Table 3. List of collected variables and their definitions.

Variable Definition

Conditions Studied For which dementia disorder is the study deriving a prognosis.

Database used in the

study

Name and origin of the data source used to derive the prognosis of the studied

dementia.

Dataset Categories Classes in which the data units were divided into.

Handling of censored

data

Description of the way in which censored data was handled.

Follow-up Period Period of time, which the data units were followed.

Data Analysis

Techniques

ML or MS techniques that were used to build the prognostic models.

Model Variables The variables used in building the prognostic models.

Aim of the Study The goal of the built prognostic models.

Focus of the Study If the built prognostic models aim its predictions on an individual or population

level.

https://doi.org/10.1371/journal.pone.0179804.t003
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Fig 1. PRISMA flow chart.

https://doi.org/10.1371/journal.pone.0179804.g001

Fig 2. Frequency of published papers per year.

https://doi.org/10.1371/journal.pone.0179804.g002
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have being used extensively for almost 30 years; however the ideal ML technique to be used in

a certain situation is dependent on the type of data to be used in the model, sample sizes, time

constraints and the prediction outcome [11].

Other techniques that appeared less frequently are: Voting Feature Intervals (VFI), K-Near-

est Neighbors (KNN), Nearest Shrunken Centroids (NSC) and Bagging (BA). These results

will be explored in more detail next, so that firstly we provide a brief explanation of each ML

technique, followed by a description on how it was applied for prognosis.

Support Vector Machine (SVM) was originally proposed as an algorithm for classification

problems; it is a relatively new technique compared to the other ML approaches. The classifica-

tion process consists of mapping the data points (usually the study subjects) into a feature space

composed of the variables that characterize these data points, except for the outcome variable.

Then, the algorithm finds patterns in this feature space by defining the maximum separation

between two or more classes, depending on the problem to be solved (see Fig 3) [21]. Contrary

to some regression techniques, SVMs are not dependent on a pre-determined model for data fit-

ting, although there are still algorithm specifications to be considered (e.g. choice of a kernel

function) [22]; instead, it is a data-driven algorithm that can work relatively well in a scenario

where sample sizes are small compared to the number of variables, reason why it has been widely

employed by prognostic studies in tasks related to the automated classification of diseases [23].

Regarding the SLR results, SVMs were present in 30/37 selected studies, in 38 proposed

models, and being by far the most used machine learning technique in the dementia prognosis

research. These numbers account for the traditional SVM and variations (see Table 4). In all of

Fig 3. SVM classification example. The data points in the feature space are being classified in 2 classes.

https://doi.org/10.1371/journal.pone.0179804.g003

Table 4. Featuring studies that applied SVMs for the prognosis of dementia.

Variations of the Technique Featuring Studies

Support Vector Machines [24–45]

Radial Basis Function SVM [38, 46–49]

Multi Kernel SVM [35, 50–52]

Semi-supervised Low Density Separation [40,48]

Domain Transfer SVM [28]

Laplacian SVM [28]

Relevance Vector Machines [53]

SVM with a Logistic Regression Loss Function [28]

Other proposed approaches to SVM [28]

https://doi.org/10.1371/journal.pone.0179804.t004
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the 30 selected studies the SVMs focused at binary classifications where the task was to dis-

criminate mild cognitively impaired (MCI) patients that will or will not develop Alzheimer’s

Disease (AD). In the general case, the problem is posed as either MCI converters versus MCI

non-converters, or progressive MCI versus stable MCI classification. This outlines a situation

in which a regression problem (“when will the MCI patients convert to AD?”) is formulated as

a classification problem (“which MCI patients will convert to AD in X months?”) to be solved.

Reasons for this could be due to limitations in the data used, i.e. the limited follow-up periods

of the subjects included in the studies.

A Decision Tree (DT) is a classification algorithm in which the learned knowledge is repre-

sented in a tree structure that can be translated to if-then rules. DT’s learning process is recur-

sive and starts by testing each input variable as to how well each of them, alone, can classify the

labeled examples. The best one is selected as a root node for the tree and its descendant nodes

are defined as the possible values (or relevant ratios) of the selected input variable. The training

set is then classified between the descendant nodes according to the values of the selected

input variable. This process is repeated recursively until no more splits in the tree are possible

(see Fig 4) [54]. Like SVMs, DTs do not depend on a pre-defined model and are mostly used

to find important interactions between variables. Being intuitive and easy to interpret, DTs

have been used in prognostic studies as a tool for determining prognostic subgroups [55,12].

In this SLR, DTs were the second most frequently used ML technique, present in 6/37

selected studies and proposed in 7 models. The variations of this type of technique in the

selected studies are shown in Table 5. It was employed for the same reason as SVM; except for

one study that investigated the evolution of patients diagnosed with cognitive impairment no

dementia (CIND) to AD.

Bayesian Networks (BN) are directed acyclic graphs, in which each node represents a vari-

able and each edge represents a probabilistic dependency. This structure is useful for

Fig 4. DT classification example. V(1–6) represent values that regulates the splits of the tree.

https://doi.org/10.1371/journal.pone.0179804.g004

Table 5. Featuring studies that applied DTs for the prognosis of dementia.

Variations of the Technique Featuring Studies

Random Forests [30, 38, 47, 56]

Decision Trees [25, 57]

Boosted Trees [30]

https://doi.org/10.1371/journal.pone.0179804.t005
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computing the conditional probability of a node, given the values of the other variables or

events. In a BN, the learning process is composed of two tasks: learning the structure of the

graph and learning the conditional probability distribution for each node (see Fig 5) [58]. In

this way, the classification in a BN estimates the posterior probability of a data point to belong

to a class, given a set of features. BNs have been applied in the research for classification,

knowledge representation and reasoning; however contrary to the other mentioned algo-

rithms, BNs generally produce probabilistic estimations, rather than predictions per se [58]. A

great advantage of BN in comparison to other techniques, such as ANNs and SVMs, which

renders it benefits for its use in prognostic models, is that they do not require the availability of

large amounts of data and can also encode the knowledge of domain experts [59]. However, a

drawback in this technique is that it may not be expandable to a large number of features [60].

BNs were the second mostly used ML technique, along with DTs, present in 6/37 selected

studies. The identified variations of BN algorithms are shown in Table 6. As previously men-

tioned, BN models were built for use in classification tasks related to the evolution of patients

with MCI to Alzheimer’s, with the exception of one study that used BNs for events-based

modeling of the progression to AD.

An Artificial Neural Network (ANN) is a methodology that performs multifactorial analy-

ses, which is desirable in the health area as medical decision-making problems are usually

dependent of many factors. An ANN is composed of nodes connected by weighted edges in a

multi-layer architecture that comprises: an input layer, one or more hidden layers and an out-

put layer (see Fig 6). In the training process, inputs and outputs values are known to the net-

work, while the weights are incrementally adjusted so that the outputs of the network are

approximate to the known outputs [63]. Despite being a powerful predictor, ANNs are ‘black

boxes’, which means that they are not able to explain their predictions in an intuitive way, con-

trary to DTs or BNs. Also, they require the specification of the architecture to be used before-

hand (i.e. the number of hidden layers) [64].

Fig 5. BN example. P(X-Z) represent probabilities and P(X-Z|X,Y,Z) represent conditional probabilities.

https://doi.org/10.1371/journal.pone.0179804.g005

Table 6. Featuring studies that applied BNs for the prognosis of dementia.

Variations of the Technique Featuring Studies

Naïve Bayes [30, 42]

Gaussian Naive Bayes [27]

Markov Chains Monte Carlo [61]

Bayesian Outcome prediction with Ensemble Learning [62]

Gaussian Process Classification [45]

https://doi.org/10.1371/journal.pone.0179804.t006
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ANNs were present in 3/37 of the selected studies and proposed in 4 models. The identified

variations of the standard ANN in the selected studies are shown in Table 7. As was the case

with all previous techniques, two studies aimed to predict the development of AD in patients

with MCI and one aimed to predict the stage of AD on patients according to their cognitive

measures.

K Nearest Neighbors (KNN) is a classification algorithm that takes a data point from an

unknown class and assigns it as an input vector in the feature space. Then, the classification

process follows by assigning the unknown class data point to the class in which the majority of

the K nearest data points belong to (see Fig 7) [66]. The distance between data points is usually

measured by Euclidean distance, but it is possible to employ other measures. KNN is one of

the simplest ML classification algorithms and have been used in a wide range of applications;

however, it can be computationally expensive in a highly dimensional scenario. Further, it con-

siders all features to be equally weighted, which can be a problem if the data has superfluous

attributes [60].

The Nearest Shrunken Centroids (NSC) classification process starts by calculating the cen-

troids to each of the classes that an unknown data point could belong to. In this context, the

centroids are the mean feature vectors of each of the possible classes. Then, the algorithm

shrinks the centroids toward the global centroid by a certain threshold [67]. This shrinkage

operation acts as a form of feature selection, as it eliminates from the prediction rule, the com-

ponents of the centroid that are equal to the correspondent component of the overall centroid

[68]. Then, the algorithm sets the unknown data point to the class that has the shortest distance

to its shrunken centroid (see Fig 7). As in KNN, the distance measure can be Euclidean or

other. In the medical field, this algorithm was proposed to deal with the problem of predicting

a diagnostic category by DNA microarrays, being useful in a high dimensionality scenario; yet

a disadvantage of NSC is the arbitrary choice of shrinkage threshold [67].

Fig 6. ANN example. The weights of the edges are represented by w(1-n).

https://doi.org/10.1371/journal.pone.0179804.g006

Table 7. Featuring studies that applied ANNs for the prognosis of dementia.

Variations of the Technique Featuring Studies

Artificial Neural Networks [25,47,65]

Mixed Effects ANN [65]

https://doi.org/10.1371/journal.pone.0179804.t007
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Voting Feature Intervals (VFI) is an algorithm with a classification process similar to the

BN, but instead of assigning probabilities to each possible class, VFI assign votes between fea-

ture intervals among the classes. The classification output is the class with the highest sum of

votes [69]. One downside of this algorithm is that it is best applicable to contexts where the fea-

tures are considered independent of each other, which may not always be the case [69]. On the

other hand, the VFI algorithm can perform well in scenarios that may have many superfluous

features to the classification task, which is also the reason why it was employed in the prognosis

study [41].

Bagging (BA) or Bootstrap Aggregation is an ensemble ML technique. This means that it is

actually a predictor created from an aggregation of different predictors. It uses bootstrapping

to replicate the data set in new data sets that are used to make new predictions. In a classifica-

tion task, different predictors will assign an unknown data point to a class. Then, it choses

class it was classified in the most cases. BA is a method that is useful in the case of instable pre-

dictors to reduce the variance and prevent overfitting [70].

The studies that featured KNN, NSC, VFI and BA are shown in the Table 8. In all of these

cases, studies aimed to predict the MCI evolution to AD.

Identified microsimulation techniques

This section presents the results for RQ1 that relate to MS techniques.

In a typical MS model, a database of samples from a population exists. Each record in the

database represents an individual and their associated states. Thus, in each time-step of the

simulation a record at a time is being updated by applying a collection of rules [16]. The

updated database at each time step shows the course and trajectory of changes in the popula-

tion and therefore aggregative indicators can be extracted from this database. MS models con-

trast with other aggregative simulation models in the way they represent individuals in a

population rather than aggregative variables and collective representations. Further, MS differ

from agent-based simulations, as the focus of the first is on the trajectory and independent

reaction of each individual unit and it is assumed that the units are independent [9, 16].

Fig 7. KNN (3-NN) and NSC examples. Both cases classify the unknown data point between 2 classes.

https://doi.org/10.1371/journal.pone.0179804.g007

Table 8. Featuring studies that applied other machine learning techniques for the prognosis of

dementia.

Variations of the Technique Featuring Studies

K Nearest Neighbors [30,47]

Bagging [47]

Nearest Shrunken Centroids [30]

Voting Feature Intervals [42]

https://doi.org/10.1371/journal.pone.0179804.t008
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In the selected studies in our SLR, two papers have used MS techniques: Furiak et al. [71]

through a simulation of Time-to-Event (TTE) for individuals; and Stallard et al. [72] through

a Grade of Membership (GM) approach.

Furiak et al. [71] uses TTE to simulate the impact of future hypothetical screening and treat-

ment interventions in delaying AD in a specific population. Stallard et al. [72] applies a GM

approach to represent a multidimensional multi-attribute model of AD progress [72]. The

term "microsimulation" is not used in this study; however, approaches similar to microsimula-

tion were applied. In this study the impact of a future hypothetical successful intervention in

slowing AD progress rate on MEDICARE and MEDICAID programs in the USA has been

simulated by aggregating predictions on individual levels.

Any of these studies can be an example of instantiation of the MS approach in population

level prognosis. For example in the study by Furiak et al. [71], a baseline population of individ-

uals was created according to the relevant incident data from available studies. Each simulated

individual, a record in a table, goes through a risk of developing AD and then after is being

exposed to a time-to-event of being diagnosed as AD through screening (in different strate-

gies). The diagnosed simulated individuals delay their progress to AD by receiving a hypotheti-

cal treatment. The aggregated values of individual progressions toward AD can be compared

to real world situation in order to have an understanding of the performance of different

screening strategies in the presence of a possible delaying treatment.

Data characteristics used in the models

Table 9 shows the summary of data regarding RQ2: “What data characteristics (variables,

determinants and indicators) are being considered when applying the ML or and MS tech-

niques (physiological, demographic/social, genetics, lifestyle etc)?”

ML methods try to learn the relationship between a set of variables, i.e. variates, and the

result variable, i.e. covariate. The studies in our collection used variables as variates while they

were focused mostly on a binary prognosis variable (usually indicating development/no devel-

opment to AD). This binary variable was accompanied with degrees of MMSE (Mini Mental

State Examination) and ADAS-cog (Alzheimer’s Disease Assessment Scale-cognitive subscale)

cognitive scores in the study by Zhang et al. [52].

Table 9 also summarizes the connection between variables and studies. Note that variables

that were considered in a study but did not contribute to its final result are not shown. Vari-

ables were categorized as neuroimaging, cognitive measures (neuropsychological), genetic, lab

test, and demographic. Regarding the neuroimaging variables, in all of the included studies,

automatic feature extraction techniques were used, either in the form of a software tool (e.g.

FreeSurfer for MRI scans) or via their own ML technique being applied to create the models.

A reason for this could be the interest in the implementation of more automated methods for

identifying the development of AD in MCI patients.

Further, studies that examined more than one variable contributed more than once to the

subcategories, while their contribution to categories was counted only once; therefore, the

number shown for categories might be smaller than the total sum of numbers for their subcat-

egories. Also, the smaller subcategories were grouped together. Finally, for the two MS studies,

demographic and cognitive scores variables were considered as the input variables.

Goals of the prognosis studies on dementia

Table 10 shows the summary data concerning the RQ3: “What are the goals of the studies that

employ ML or MS techniques for prognosis of dementia and comorbidities?”.
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The aggregated data shows that the majority of studies, 32/37, intended to investigate the

progression of MCI to AD, posing the problem as either MCI converters versus MCI non-con-

verters, or progressive MCI versus stable MCI. These studies identified the need for the AD

prognosis and proposed models for its prediction, usually within 6 to 36 months until develop-

ment. Exceptions are Adaszewski et al. [24], and Chen et al. [62], which constructed models

for 48 and 60 months prediction, respectively. Most of these studies used data from the Alzhei-

mer’s Disease Neuroimaging Initiative (ADNI) in their models, what could explain the limita-

tion of the prediction time as the follow-up period is limited.

A variation of this goal was the prediction of AD, but from Cognitive Impairment No

Dementia, instead of MCI. This study [57] was conducted using data from the Canadian Study

of Health and Aging (CSHA).

The goal of Tandon et al. [65] was the use of patients’ longitudinal data of the Layton Aging

and Alzheimer’s Research Center (LAARC) to model the time-course of AD in terms of their

cognitive functions. The chosen variable was the MMSE score (Mini Mental State Examina-

tion). Likewise, Fonteijn et al. [61] also had disease progression modeling as the goal, but in

Table 9. Identified data characteristics in the included studies.

Variable Category Variable Subcategory Number of Studies Featuring Studies

Neuroimaging: 28 ML studies MRI 27 [24–26, 28, 31–37, 39–46, 48–53, 61,

62]

PET 8 [27, 28, 33, 35, 45, 50–52]

Cognitive Measures: 5 ML studies, 1 MS

study

MMSE 2 [34, 65]

ADAS-cog 2 [38, 56]

Other (CDR, FAQ, Buschke Cued

Recall)

3 [32, 57, 65]

Genetic: 5 ML studies ApoE 5 [33, 38, 41, 44, 45]

Family History 1 [41]

Lab Test: 10 ML studies CSF 8 [28, 30, 32, 33, 35, 45, 45, 51]

Other Lab tests 4 [38, 44, 45, 47]

Demographic: 5 ML studies, 2 MS studies Age 4 [30, 40, 53, 65]

Other demographic 3 [38, 71, 72]

Abbreviations: MRI: Magnetic Resonance Imaging; PET: Positron Emission Tomography; MMSE: Mini Mental State Examination; ADAS-cog:

Alzheimer’s Disease Assessment Scale-cognitive subscale; CDR: Clinical Dementia Rating; FAQ: Functional Activities Questionnaire; CSF: Cerebrospinal

Fluid

https://doi.org/10.1371/journal.pone.0179804.t009

Table 10. Goals of the studies in respect to the prognosis of dementia.

Study Goals Count Conditions Studied Type of Data

Analysis

Featuring

Studies

Predict the development of Alzheimer’s Disease from Mild Cognitive

Impairment

32 Alzheimer’s Disease, Mild

Cognitive Impairment

Machine Learning [24–53, 56,

62]

Predict the development of Alzheimer’s Disease from Cognitive

Impairment No Dementia

1 Alzheimer’s Disease, Cognitive

Impairment No Dementia

Machine Learning [57]

Model disease stage through Mini Mental State Examination score 1 Alzheimer’s Disease Machine Learning [65]

Events-based disease progression modeling 1 Alzheimer’s Disease,

Huntington’s Disease

Machine Learning [61]

Estimate the clinical course of mild Alzheimer’s Disease to Alzheimer’s

Disease to death, and estimate costs (MEDICARE and MEDICAID)

1 Alzheimer’s Disease, Mild

Cognitive Impairment

Microsimulation [72]

Evaluate screening and treatment to delay Alzheimer’s Disease 1 Alzheimer’s Disease Microsimulation [71]

https://doi.org/10.1371/journal.pone.0179804.t010
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this study the model is characterized as an events-based model. Two types of events were con-

sidered: transitions to later clinical status (i.e. presymptomatic AD to MCI) and atrophy events

measured by MRI scans. This is also the only study that approached a dementia disorder other

than AD, building models for both AD, and Huntington’s Disease.

Stallard et al. [72] explored disease progression through MS aiming the estimation and

comparison of costs (MEDICARE and MEDICAID) for slowing AD advancement in both

patients with mild AD and moderate AD. Finally, Furiak et al. [71], applied MS to provide a

framework for the screening of AD, which investigated treatment interventions for delaying

the AD progression in a population.

Handling of censored data

Data censoring happens when the information about the individual time to the event of inter-

est is unknown for some participants [73]. This can occur when information on the time to

event is unavailable due to loss to follow-up or due to the non-occurrence of the outcome

event before the trial end [73][74]. In this SLR, only two out of the 37 selected studies

addressed censored data, explicitly. The Craig-Schapiro et al. study [30] used Cox proportional

hazard models (CPHM) to assess which baseline biomarkers should be considered in the ML

multivariate models targeting at their ability to predict the conversion from cognitive nor-

malcy (CDR 0) to very mild or mild dementia (CDR 0.5 and 1). They stated that participants

who did not develop very mild or mild dementia during the follow-up were statistically

censored.

In the Plant et al. study [42] data censoring is addressed as a threat to validity, arguing that

for shorter follow-ups (30 months in this study), there may be patients classified as MCI with a

MRI pathological pattern who had not yet developed AD during the follow-up.

The remaining studies included herein did not make any explicit statements about data

censoring. Note that the studies by Escudero et al. [33], Moradi et al. [40] and Gaser et al. [53]

performed a survival analysis to estimate a hazard ratio for the MCI conversion to AD using

CPHM, which is a technique that is able to deal with censored data; however, no specific

remark about data censoring was made.

Focus of the studies

The last research question of this SLR (RQ5) was: “Do the studies focus on individuals or

populations?”.

Out of the 37 included studies, only the two studies that used the MS methods [71,72]

focused on populations and the rest of papers, all using ML, focused on the prognosis of

dementia in an individual level.

Discussion

Discussion of the current evidence

The main findings from this SLR are summarized in the following points: (i) most of the

research is focused on the use of neuroimaging for predicting the development of AD from

MCI, using the ADNI database; (ii) estimations are usually made up to 36 months before the

development to AD; (iii) lifestyle and socioeconomic variables were absent in the assessed

models; (iv) data censoring is not addressed in the vast majority of the studies included in our

SLR; (v) the focus of the research is mostly on individual level.

There is an indication that North America is leading the research on treatments for the pre-

clinical stage of AD whilst Europe leads the lifestyle interventions for the prevention of
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dementia [2]. In what concerns studies that make use of high-level computational techniques,

such as ML and MS, the findings of this SLR are consistent with the first part of this sentence.

Most of the research dedicated to the prognosis of dementia and that make use of ML tech-

niques is focused on using neuroimaging to predict the development of AD from MCI, partic-

ularly making use of the ADNI database. A consequence of this scenario is the almost

exclusive focus of the recent research in validating biomarkers to be used in treatment trials,

since this is the overall objective of ADNI [75]. This intensive research on biomarkers is

important to make the pharmaceutical research faster and to reduce the exposure of ineffective

experimental drugs [76].

Another important aspect regarding the overall preference for the neuroimaging variables,

throughout the included studies in this SLR, is that most of the prognosis research is con-

cerned with a single aspect of dementia, and prognostic estimates should consider a multivari-

able approach. The reason for that is the variability among patients that could make the single

predictor variable not very effective [77]. Furthermore, ADNI does not include in its database

subjects with important comorbidities, considering dementia and the elderly population, like

cancer and heart failure [75]. Additionally, as ADNI is not an epidemiologic study, there is a

risk that the utility of methods used in the studies would be tailored to the ADNI’s specific

conditions.

Still on the topic of the development of AD in persons with MCI, another important aspect

to be discussed is how much time beforehand the proposed models in the current research can

predict this conversion. The majority of them are set out to do this task in a period of up to 36

months. Putting aside the accuracy aspect of these predictions (which of course is of great

importance), would this time constraint be enough to employ preventive strategies (pharma-

ceutical or non-pharmaceutical) on screened patients so to delay their progression to AD? An

important consideration in the research for treatments is that they prolong the time patients

spend in the most amenable stages of dementia and shorten the time they stay in the most

severe stages, in which they suffer from a very low quality of life and when care is most costly

[2].

The absence of studies using lifestyle and socioeconomic variables in models could point

out a gap in the current research for more holistic approaches to the prognosis of dementia.

Another possibility is that studies that are investigating these may simply apply other data

analysis methods in deriving their predictions that are not ML or MS.

The fact that the handling of censored data was not made clear in all, except for two studies,

can raise some concerns, as in most of the studies’ demographics the participants were divided

into classes of normal controls, AD patients, MCI converters and MCI non-converters. The

class of MCI non-converters could entail the case when a participant did not experience the

event in evidence during the follow-up, characterizing a right-censoring scenario.

Lastly, with regard to the focus of the primary studies, the lack of studies that utilize MS for

prognosis of dementia in individuals can be due to this method being usually applied to popu-

lations (rather than individuals), and also due to this method be based on simulating masses of

individuals. However, in relation to ML methods, the lack of studies focusing on predicting

the epidemiology of dementia in populations can be interpreted as a study gap.

Methodological issues

When discussing the techniques being used to derive prognostic estimates for dementia, one

interesting aspect to note is the comparison between them, in relation to which one(s) per-

formed best. This task proved challenging. Reasons for that are due to several limitations in

interpreting such results, detailed next.
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Firstly, the studies have used different validation procedures and this can make their

comparison difficult. Even in the studies that used the same method for accuracy calculation,

the difference in some parameters (e.g. the number of folds in cross validation) or how they

calculated distance of a prediction to the test case could have an impact on the reported

accuracy.

Further on, the reports on accuracy are based on different datasets, and for those who share

the same dataset (such as ADNI) each might use a different number of records, which can

impact the reported accuracy. Also, the majority of studies have considered MRI or PET

images, where the quality of images or the image pre-processing applied before the ML method

can impact their reported accuracy.

Regardless of the applied method, different variables have different predictive powers and

when two papers that have used the same method report different variables, they should be

compared considering these reported variables. Accuracy and other related indicators have

their values compared to a golden standard that determines the existence of AD (or any other

progression). In some studies they have chosen other indicators rather than the golden stan-

dard (i.e. cerebral biopsy/autopsy versus CDR/GDS/ADL/ADAS-cog/MMSE numbers).

Lastly, the follow-up period is different in the studies and maybe longer follow-ups would

result in higher sensitivity reports.

Further, there are three commonly used types of accuracy that can be attributed to

prognosis models: discrimination, calibration, and reclassification [78]. The discriminatory

accuracy is the ability of the prognosis model in separating individuals regarding the outcome,

while the calibration accuracy is how much the prognosis model risk prediction complies

with observed risks in a population. In reclassification, one is interested in measuring the

added predictive ability by a new biomarker [79,80]. With regard to the primary studies in

this SLR, they only reported the discriminatory accuracy of prognosis. The overall accuracy

was the index most commonly reported (see S1 Table). Alongside that, in 18 studies the AUC

was indicated. The predications mostly concern a binary discrimination between converting

and non-converting MCI, while in one of the studies (Zhang et al. [52]) predication of MMSE

and ADAS-cog scores was considered. It is noteworthy that the presentation of prognosis

accuracy in this SLR’s primary studies contrasts with similar prediction studies in the cancer

field [81].

Limitations

Regarding the limitations of this SLR it can be addressed the issue of whether a suitable large

representative sample of all the possible relevant primary studies were included in the final set,

and also the non-medical background of the two researchers on the study team, who screened

most of the papers (A1 and A2). To mitigate the first issue a more inclusive selection strategy

has been taken. This means that in papers in which there were poor indications of the inclusive

criteria in their title or abstract, the content of study was further investigated for a possible

inclusion. For the second issue, if it was not clear the fit of the paper for prognosis, a member

of research team with medical education background (A4) was consulted.

Future perspectives

The results of this SLR presented research trends and gaps that should be addressed in future

research on the prognosis of dementia. Based on these findings, further research should

explore different combinations of ML and MS techniques, using a multivariable approach that

includes the identified data characteristics as well as lifestyle and social factors.
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Conclusion

Through the SLR, 37 studies that focus on the prognosis of dementia by using ML or MS tech-

niques were selected. These studies were summarized in terms of different aspects including

types of techniques, variables or goals and focus of the studies.

Our findings pointed out that most of the studies were concerned about predicting the

development of AD in individuals with MCI using one of ML techniques. Neuroimaging data

was the most common data to be fed into ML techniques. Only two studies focused on predic-

tion regarding populations, and those were the only two studies that applied MS techniques.

We identified only a limited number of datasets are being used in the studies (most notably,

the ADNI database).
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Abstract  
Background: Dementia is a complex neurological disorder, which little is known 
about its mechanisms. It affects the older adults population causing a progressive 
cognitive decline that can become severe enough to impair an individual’s 
independence and functioning. To date no therapeutic treatment was identified to 
revert or to alleviate its symptoms. Therefore, prognosis research aiming to identify 
variable risk factors of dementia within a large enough time frame to prevent or delay 
its onset is greatly important.  

Objective: This study investigates the use of a decision tree multifactorial approach 
for the prognosis of dementia in individuals within a 10-year time frame, using data 
on individuals who were not diagnosed with this disorder at baseline.   

Methods: This study used data from the Swedish National Study on Aging and Care, 
consisting of 726 subjects (313 males and 413 females), of which 91 presented a 
diagnosis of dementia at the 10-year study mark. A K-nearest neighbors multiple 
imputation method was employed to handle the missing data; a wrapper feature 
selection was utilized to select the best features subset from a set of 75 variables; 
characterizing factors are related to demographic, social, lifestyle, medical history, 
biochemical test, physical examination, psychological assessment and diverse health 
instruments relevant to dementia evaluation. Lastly, a cost-sensitive decision tree 
approach was applied in order to build predictive models in a stratified nested cross-
validation experimental setup.  

Results: The proposed approach achieved an AUC of 0.745 and Recall of 0.722 for 
the prognosis of dementia within a 10-year time frame. Our findings showed that 
most of the variables selected by the tree are related to modifiable risk factors, of 
which physical strength was an important factor across all ages of the sample. Also, 
there was a lack of variables related to the health instruments routinely used for the 
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dementia diagnosis, suggesting that perhaps they may not be sensitive enough to 
predict the conversion to dementia within a 10-year window.  

Conclusions: The proposed model identified possible modifiable factors that could 
be used to predict conversion to dementia within a 10-year time frame; possible 
interventions on such factors could be investigated in order to delay or prevent the 
dementia onset.  

 

1. Introduction  
1.1 Background  

Dementia refers to a set of complex neurological disorders that are characterized by 
progressive cognitive deterioration and increasing disabilities that affect the 
individual's independence, social and professional functioning [1,2]. It affects mostly 
the older adult population, where early symptoms are characterized by difficulty in 
remembering recent events, and evolve to more serious ones like disorientation, mood 
swings, aggravated memory loss, confusion, changes in behavior, impaired gait, and 
difficulty in speaking and swallowing, all of which lead to very poor quality of life 
[1,3]. Additionally, mortality risks for individuals with dementia are two times higher 
than for persons without dementia; and they may also have to handle comorbidities 
that may play a role in accelerating their decline in functioning [4]. To aggravate this 
scenario, there is no known cure for dementia and the available symptomatic 
treatments show limited benefits in regards to the cognition [3].   

There is still significant uncertainty surrounding dementia pathology, such as what 
exactly triggers it and how its progression unfolds. Such uncertainty makes the 
development of dementia treatments and interventions much more difficult [1].   

Another difficult aspect of dementia disorder is that it also brings negative 
consequences to the caregivers (usually next of kin) of the individuals affected by it, 
whose burden cannot be overlooked [5]. These persons deal with this complex 
condition for years and report low confidence in managing it, in addition to also being 
prone to negative health outcomes themselves, like high levels of strain, depressive 
symptoms, risk of alcohol-related problems, etc [1,5]. The families of the individuals 
affected by dementia also suffer considerable financial impact due to the costs of care 
and the family’s reduction in income [6].  

In the public health sphere, the dementia disorder represents a significant cost with 
prospects to increase in the coming decades. In 2015, the global sum of direct medical 
costs, social and informal care for dementia was estimated to be US$ 818 billion, 
which amounted to 1.1% of the global gross domestic product [6]. Since old age is 
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believed to be the biggest risk factor for dementia, and life expectancy is growing 
worldwide, the global costs for dementia are estimated to rise to US$ 2 trillion by the 
year of 2030. This can place a huge strain on healthcare systems around the world 
[6]. With regard to the health economics of dementia, nowadays, the main costs 
associated with this disorder are directed towards compensating for the decline in an 
individual’s functioning, instead of treatment or efforts in prevention [1].  

 

1.2 Addressing the dementia epidemic  

Dementia research has been very focused upon identifying and validating biomarkers 
to predict the development of dementia from its prodromal stage i.e. mild cognitive 
impairment (MCI) [7]. One of the most significant initiatives in this direction is the 
Alzheimer's Disease Neuroimaging Initiative (ADNI), which aims to identify 
biomarkers to be used in treatment trials and pharmaceutical research [8]. Research 
related to dementia treatments is important not only to search of a cure, but also to 
develop drugs aimed to delay the progression and to shorten the time spent in the 
most severe stages of this disorder, characterized by the lowest quality of life for the 
patients and families and increased costs for healthcare systems [1].   

Note, however, that the abovementioned research focuses on persons who are already 
at a major risk of developing dementia, since reported conversion rates from MCI to 
dementia can be as high as 40% [9–11]. An alternative and also very important 
research direction to address this epidemic is the prevention of new dementia cases. 
Prevention and risk reduction are pointed out by the World Health Organization as 
key elements to focus on, so to decrease the worldwide impact of dementia [1,6]. In 
this sense, the identification of modifiable risks is imperative and prognostic 
estimates become more and more important. Prognostic estimates are useful to 
identify patterns of disease progression, to support public entities in creating and 
maintaining healthcare programs to address the epidemic, and to aid patients in 
understanding their condition in order to participate in shared decisions with health 
providers [12].  

However, any research investigating a disorder as complex as dementia is difficult, 
especially in regard to traditional trials, as they suffer from major obstacles. For 
instance, certain health conditions that have high prevalence on older persons (e.g. 
cardiovascular disease) cannot be left untreated in a control group; blinding is a 
challenge in trials related to lifestyle interventions; and since dementia is a 
multifactorial disorder, the assumption of one-dimensionality may hinder the results 
[1,13]. Another significant challenge in such research is that evidence shows that 
changes in the brain of individuals who come to develop dementia can start from 10 
to 15 years before the diagnosis; therefore, preventive interventions should take this 
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into account, despite the risk that such considerations could make the research efforts 
costly [14].   

 

1.3 Decision trees for the prognosis of dementia using the SNAC database  

Due to the aforementioned challenges, the research on modifiable risks and 
prevention of dementia, could benefit from data-centered approaches. In regard to 
prognosis, a technique that is very useful is the Decision Tree (DT). The DT creates 
a structure for representing knowledge in the form of IF-THEN rules that are intuitive 
and easy to interpret, and it is widely used in medical research for studying prognostic 
subgroups [15]. In the context of health data, the DT creates subgroups with minimal 
intra-variability and maximal inter-variability [16].   

Since the DT is a data-centered approach, the quality and length of a possible 
prognostic estimate is very dependent on the data used to build such types of models. 
The Swedish National Study on Aging and Care (SNAC) encompasses a longitudinal 
cohort that is collecting multifactorial data from the older adult population in Sweden 
for more than 15 years, thus offering the potential for the investigation of long-term 
dementia prognosis. The SNAC project was designed to study the aging population’s 
health as well as the provided social care, and contains a database with data regarding 
physical examination, psychological assessment, social factors, lifestyle factors, 
medical history, etc. The SNAC cohort contains a subset of the aging population in 
Sweden that comprehends individuals aged 60 years and higher in defined age groups 
(60, 66, 72, 78, 81, 84, 87, 90, 93 and 96+ years ) [17]. The SNAC data is collected 
from four sites, which represent two Swedish counties, one borough and one 
municipality. They are respectively Skåne, Blekinge, Kungsholmen and Nordanstig. 
Such range aims to gather representative national data from both urban and rural 
areas. 

 

1.4 Study’s aim  

This study investigates a DT approach for the prognosis of dementia, which considers 
multiple types of factors as predictors, including social, lifestyle, medical history, 
blood test, physical examination, demographic (age, gender) psychological and the 
assessment of diverse health instruments relevant to the dementia evaluation. This 
DT approach aims at investigating the prognosis of the older individuals in the SNAC 
cohort, who did not present a diagnosis of dementia at baseline (2000 to 2003) and 
their development (or not) to dementia at the 10 year mark of the study (2010 to 
2013). 
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2. Material and methods  
2.1 Population  

The population used herein was the baseline examination of the SNAC-Blekinge, 
with data ranging from 2001 to 2003, and characterizing subjects based in a urban 
area in the south-east part of Sweden. The recruited subjects underwent extensive 
examinations and interviews by physicians, nurses and psychologists [17]. In case of 
disabilities, an examination team did the examinations and interviews at the subject's 
home and proxy interviews were conducted with relatives of the subjects whenever 
necessary, and upon the subjects' consent [17].  

The following criteria were used to determine the exclusion of subjects in this study: 
(i) subjects who already had dementia at baseline; (ii) subjects who had missing 
values at the outcome variable (dementia diagnosis); (iii) subjects who presented 
more than 10% of missing values in the input variables; (iv) subjects deceased before 
the 10 years study mark; and (v) subjects who were diagnosed with dementia before 
the 10 years mark, as they could already have advanced progress of dementia at 
baseline.  

The study sample consisted of 726 subjects (313 males and 413 females), of which 
91 (12.5%) were given a diagnosis of dementia at the 10-year mark. The 
demographics of the study sample are shown in table 1. 

Table 1. Demographics of the study sample 

  Age at baseline  

Diagnosis Gender 60 66 72 78 81 84 87 90+ Total 

No dementia 
at 10 years 
mark 

Male 81 72 47 36 27 19 2 0 284 

Female 81 92 67 38 35 27 7 4 351 

Dementia at 
10 years mark 

Male 1 3 3 5 8 7 2 0 29 

Female 1 3 7 12 11 15 12 1 62 

 

2.2 Ethics and data privacy  

This study was carried out in accordance with the Declaration of Helsinki and was 
approved by the Research Ethics Committee at Lund (LU 604-00, LU 744-00). 
Written informed consent was collected from all subjects. All data was anonymized 
and stratified by age and gender. 
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2.3 Outcome variable: diagnosis of dementia at the SNAC 10-year mark  

The outcome variable that the DT aims to estimate is the dementia diagnosis given 
by physicians 10 years from the SNAC baseline. The given diagnosis of dementia 
followed the guidelines of the International Statistical Classification of Diseases and 
Related Health Problems - 10th Revision (ICD-10) [18]  and the Diagnostic and 
Statistical Manual of Mental Disorders (DSM-5) [19].  

No distinctions between subtypes of dementia were made since mixed pathologies 
are common and uncommon subtypes tend to be misdiagnosed by Alzheimer's 
disease [20].  

 

2.4 Input variables  

The input variables used to build the DT prognostic estimate models were selected 
by senior researchers specialized in geriatrics and gerontology (authors 4 and 6) who 
adopted a broad approach in order to consider variables of diverse types that could 
influence the onset of dementia. In total, 75 variables were selected, which 
encompassed the following categories: demographic, social, lifestyle, medical 
history, blood test, physical examination, psychological and the assessment of 
multiple health instruments relevant to the dementia evaluation, at the study baseline 
(2000-2003). Table 2 shows the list of the selected variables. Descriptions, possible 
values and number of missing values of all input variables are shown in Appendix 1. 

 

2.5 Data preparation  

The data preparation step was characterized by the imputation of missing data. To 
this end, a K-Nearest Neighbors (KNN) multiple imputation approach was employed 
[31]. This technique works by finding the K entries of data that are the most similar 
(near) to an entry that contains missing data. Then, the KNN imputation fills its 
missing values with the mean (in the case of numeric variables) or the most frequent 
value of the K most similar neighbors (in the case of categorical variables) [31].   

In the present study, the KNN imputation was applied separately for entries of the 
majority class (no dementia at 10 years mark) and the minority class (dementia at 10 
years mark). This was done because the sample used to build the prognostic estimates 
presented a pronounced class imbalance (12.5% on the minority class to 87.5% on 
the majority class), so the risk of contaminating the minority class with data from the 
majority class was mitigated.  
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The number of nearest neighbors used in the KNN imputations was set to K=3. This 
choice was based on literature findings that argue about limiting the number of K to 
avoid distortion of the original variability of the data, as in the critical evaluation of 
Nearest Neighbors Imputation on medical datasets by Beretta and Santaniello that 
recommend K=3 [32]. 

 

Table 2. List of input variables that were selected by the dementia specialists 

Variable Type Variables 

Demographic Age, Gender,  

Social Education, Holds or not a Religious Belief, Participation in Religious 
Activities, Voluntary Association, Social Network, Support Network, 
Loneliness 

Lifestyle Light Exercise, Alcohol Consumption, Alcohol Quantity, Working State at 
65 years, Physical Workload, Present Smoker, Past Smoker Number of 
Cigarettes a Day, Social Activities, Physically Demanding Activities, 
Leisure Activities 

Medical History Number of Medications, Family History of Importance, Myocardial 
Infarction, Arrhythmia, Heart Failure, Stroke, TIA/RIND, Diabetes Type 1, 
Diabetes Type 2, Thyroid Disease, Cancer, Epilepsy, Atrial Fibrillation, 
Cardiovascular Ischemia, Parkinson's Disease, Depression, Other 
Psychiatric Diseases, Snoring, Sleep Apnea, Hip Fracture, Head Trauma, 
Developmental Disabilities, High Blood Pressure  

Biochemical Test Haemoglobin Analysis, C-Reactive Protein Analysis 

Physical 
Examination 

Body Mass Index (BMI), Pain in the last 4 weeks, Heart Rate Sitting, Heart 
Rate Lying, Blood Pressure on the Right Arm, Hand Strength in Right Arm 
in a 10s Interval,  Hand Strength in Left Arm in a 10s Interval, Feeling of 
Safety from Rising from a Chair, Assessment of Rising from a Chair, Single-
Leg Standing with Right Leg, Single Leg Standing with Left Leg, Dental 
Prosthesis, Number of Teeth 

Psychological Memory Loss, Memory Decline, Memory Decline 2, Abstract Thinking, 
Personality Change, Sense of Identity 

Health Instruments Sense of Coherence [21], Digit Span Test [22], Backwards Digit Span Test 
[22], Livingston Index [23], EQ5D Test [24], Activities of Daily Living 
[25], Instrumental Activities of Daily Living [26], Mini-Mental State 
Examination [27], Clock Drawing Test [28], Mental Composite Score of the 
SF-12 Health Survey [29], Physical Composite Score of the SF-12 Health 
Survey [29], Comprehensive Psychopathological Rating Scale [30] 

 

2.6 Model building  

The DT algorithm was applied to predict dementia 10 years from the baseline. This 
prediction is given by building a binary classifier, which classifies subjects in the 
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sample as to 'no dementia' (negative class) or 'dementia' (positive class), as specified 
by the outcome variable.   

The DT approach starts by testing each input variable to their capacity of classifying 
the right examples in regard to an outcome. The best one is selected to be the root 
node of the tree and the descendent nodes are defined as its possible values (or ratios), 
thus creating a rule. The data is then partitioned following this rule. This process 
continues for each new created node, recursively, until no more splits are possible 
[33]. The nodes created by the last splits in the tree are called terminal nodes and they 
provide the class prediction.   

In order to build the DT, two main problems that are common regarding studies with 
medical databases arose: (i) a high class imbalance (12.5% on the minority class and 
87.5% on the majority class); and (ii) a high number of input variables in relation to 
the number of entries. Both are known to hinder the performance of DT algorithms 
and need to be addressed [34,35]. To address the first problem, a cost-sensitive 
learning approach [36] was used with the DT, and for the second a wrapper feature 
selection was employed in order to reduce the number of variables [34]. These are 
detailed in the following sections.       

2.6.1 Cost-Sensitive Learning  

The consequence of having an imbalance database is that the trained classifier tends 
to be biased towards the majority class. The cost-sensitive learning approach works 
by applying a heavier penalty on misclassifying the minority class. In doing so, it 
attributes higher weights to the minority class in order to change the class distribution. 
Weights were calculated as follows: 

𝑤+ 	= 	
)
*J
×0.5 (1) 

where 𝑤+ represents the weight attributed to a class i and 𝑛+ is the number of entries 
of the class i.  

The weights in the DT algorithm are used in the criteria for finding splits and also on 
the terminal nodes in the class prediction, which is given by the weighted majority 
vote [36]. 

2.6.2 Wrapper Feature Selection  

To address the high number of input variables in relation to the number of entries, the 
Recursive Feature Elimination (RFE) feature selection method was employed in order 
to select the most important variables for the classification. This wrapper method 
assesses multiple different models composed of different combinations of input 
variables in order to find the optimal subset of variables to maximize a performance 
metric of choice [34]. 
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2.7 Experimental Setup  

Class weighting and RFE were performed before training the DT models. For the 
specific DT algorithm implementation in R (version 3.4.1) used in this study, we refer 
to boo by Kuhn and Johnson [34]. The R package employed for training the DT and 
feature selection was the caret, and imputation was performed with the VIM package. 

All experiments were performed using a stratified nested cross-validation setup. This 
approach performs outer and inner cross-validations in a way that in each iteration 
one fold of the outer cross-validation is used for testing and the remaining for the 
inner cross-validation, which is responsible for hyperparameter tuning [37,38]. Using 
the nested approach for cross-validation produces a more reliable estimate of error, 
since data being used to estimate the model's performance is not being used for 
optimization. This avoids the high risk of producing over-optimistic results which 
occurs when using only one test set, as done in more traditional machine learning 
experimental setups [37,38]. After performing nested cross-validation and reporting 
the values of the evaluation metrics for each of the outer cross-validation test sets, we 
select the model which produces the median performance results of the outer cross-
validation test sets for further analysis.  

The stratified part of the proposed approach means that for all the folds of both inner 
and outer cross-validations, the proportions of both minority and majority classes 
remain the same as in the original sample. Due to class imbalance, the experiments 
were conducted in a 5-fold outer, 4-fold inner nested cross-validation setup in order 
to have enough examples of the minority class in each fold. 

 

2.8 Evaluation metrics  

The evaluation metrics considered for the experiments were: Area Under the Curve 
(AUC), Accuracy' and Recall and Precision on the positive class (dementia at the 10 
year mark of the study). 

 

3. Results  
The performance metrics obtained in each of the outer cross-validation test sets of the 
nested stratified cross-validation procedure are shown in table 3. General lower 
values for the Precision metric were a consequence of the class weighting approach 
employed to deal with the significant class imbalance of the used sample. This makes 
the misclassification of the positive class more costly than the inverse, minimizing 
the gravest error. In a diagnostic tool, this would be a poor scenario, but in the present 
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study the aim is to conduct a prognostic analysis on the factors that could influence 
the development of dementia, 10 years later, so this type of error has a reduced 
magnitude. 

 

Table 3. Performance results in each of the 5 outer cross-validation test sets 

Model AUC Accuracy Recall Precision 
1 0.718 0.664 0.790 0.250 

2 (median) 0.735 0.745 0.722 0.289 

3 0.827 0.738 0.944 0.315 

4 0.763 0.752 0.778 0.304 

5 0.712 0.662 0.778 0.237 

 

The median model, which presents the median AUC, was model 2 with an AUC of 
0.735, Accuracy of 0.745, Recall of 0.722 and Precision of 0.289. The DT that 
visually represents this model is shown in figure 1. A description of the variables, 
with possible values, selected by the final tree is shown in table 4. 

 

Table 4. Summary of the variables present in the  DT 
Variable  Description Values 
Age Subject's age at baseline Numeric (years) 
StandingTest_Left Single leg standing test with left leg. Best 

value in seconds of three tries 
Numeric (Seconds) 

PastSmoker_CigarsDay Cigarettes/day, on average, before 
quitting smoking.  

Numeric 

Diabetes_type2 Medical history of diabetes type 2 Yes; No 
Alcohol_Consumption Alcohol consumption frequency Never; Once a month or 

more rarely; 2-4 times a 
month ; 2-3 times a week; 
more than 4x a week 

Medications Number of medications taken regularly 
by the subject 

Numeric 

HandStrength_Right The subject’s hand strength, measured in 
an interval of 10 seconds, for the right 
hand. 

Numeric (Newtons) 

HandStrength_Left The subject’s hand strength, measured in 
an interval of 10 seconds, for the left 
hand. 

Numeric (Newtons) 

BMI Subject's BMI  Numeric (kg/m2) 
DigitSpan_Backwards The number of correct sequences on the 

Backwards Digit Span Test [22]. 
Numeric 

PresentSmoker Subject's habit of smoking at baseline. No, never smoked; no, quit 
smoking; yes, smoke 
sometimes; Yes, smoke 
regularly 
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Figure 1. Plot of the Decision Tree of the median model.
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Age was chosen as the DT’s root node, at a threshold of 75 years, so indicating high 
importance for the classification. This is in line with the literature that attributes age 
as the major risk factor for dementia, pointing out increased risk for the ages older 
than 65 years, which accounts for 95% of the cases [1]. The threshold chosen by the 
DT was 75 years, probably due to the study’s sample, comprising subjects older than 
60 years (at the baseline), and excluding subjects on the only onset who developed 
dementia before the 10 year mark of the study, as stated by the study’s exclusion 
criteria.  

Using the threshold of 75 years, the following sections will detail the DT 
classification for branches of subjects older and younger than 75 years. 

 

3.1 Prediction of dementia for subjects 75 years and older at the baseline  

The most striking factor of the branch of subjects 75 years and older is the presence 
of two variables related to smoking, which not only relate to whether an individual is 
a present smoker at baseline but also if they smoked in the past but not anymore. 
Smoking is a known risk factor for dementia, and literature findings point out that 
smoking in midlife and late-life increases the risk of developing dementia (when 
compared with non-smokers) [39], and may also be related to an accelerated cognitive 
decline (assessed by the Mini-Mental State Examination [27]) [40]. The variable 
associated with the number of medications taken regularly by the subjects is related 
to the past heavy smokers, and it could be interpreted as an indicator of comorbidities 
(possibly connected to the heavy smoking itself). The presence of comorbidities may 
be associated to an accelerated decline in functioning in demented individuals [2]. 
However, the DT pointed out that individuals who on average took less regular 
medications were leading to dementia 10 years later, which might indicate individuals 
prone to not seeking medical care, and therefore with a higher chance of presenting 
undiagnosed conditions. 

The inclusion of the hand strength (grip test) and single-leg balancing point out that 
physical strength is protective against dementia. A poor value on these variables 
could be related to frailty or sedentary life, which is known to be a risk factor of 
dementia [1].  

The last variable on the branch related to the subjects 75 years and older is the alcohol 
consumption frequency. The evidence about the protective benefits of alcohol 
consumption are not very consolidated in the literature, as there are no randomized 
clinical trials performed on the subject, but observational studies suggest that a 
moderate consumption seems to be protective against cardiovascular disease (a 
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known risk factor of dementia [1]), while abstinence or heavy drinking seems to be a 
factor of risk [41]. This is in line with the thresholds chosen by the tree. 

 

3.2 Prediction of dementia for subjects younger than 75 years at baseline  

The variables in the branch related to the subjects younger than 75 years are 
somewhat similar to the older subjects in relation to hand strength (grip test), single-
leg balancing and alcohol consumption frequency.   

Another important variable in this branch is the subject’s medical history in regard to 
diabetes Type 2. The risk of dementia in individuals with this condition is reported to 
be higher than in individuals without it [42], and there is a theory being actively 
researched as to consider the Alzheimer's Disease as a diabetes Type 3, as it seems 
that there are common molecular and cellular features in diabetes Types 1 and 2, 
which are associated with cognitive decline in the older adult population [43]. It is 
also interesting to notice that in the branch of individuals with diabetes Type 2 the 
following node that relates to hand strength has a threshold much lower when 
comparing to the branches of subjects 75 years or older, with a difference of 100 
Newtons. This might be a direct consequence of the weakening effects of diabetes 
Type 2.  

The BMI on the threshold of 32 kg/m2 was also selected as a split in the tree, which 
is commonly referred to as overweight. The relationship between BMI and dementia, 
and it being a risk factor or not, is not consolidated in the literature and the findings 
are conflicting, where trials on the older adult population showed that to higher BMI 
values being a protective and a risk factor [44,45]. In the present study, lower values 
of BMI were predictive factors of dementia in a 10 year time. The only health 
instrument that was selected as a predictive factor of dementia was the Backwards 
Digit Span test. This is a neuropsychological instrument that is used to assess the 
working memory [46]. Since mild memory loss is one of the earliest symptoms of 
dementia, a poor result in this test might indicate the start of the development of the 
disorder, but no literature was found to relate scores in Backward Digit Span test and 
the risk of development of dementia. 

 

4. Discussion  
4.1 Main findings  

This study proposed a decision tree approach for the 10-year prognosis of dementia, 
which achieved an AUC of 0.745 and Recall of 0.722. The proposed approach 
investigated multiple domains in order to derive prognostic estimates, assessing 75 



180 

variables related to: demographic, social, lifestyle, medical history, biochemical tests, 
physical examination, psychological assessment and diverse health instruments 
relevant to the dementia disorder. 

The main findings of our assessment are the following: (i) most of the variables 
selected by the DT are related to modifiable factors; (ii) physical strength was an 
important factor in all ages of the study sample; and (iii) the DT selected almost no 
variables related to psychological assessment health instruments that are used 
nowadays in the assessment of dementia.  

With the exception of age, past smoking, number of medications and the Backwards 
Digit Span test, the remaining variables present in the prognostic tree can be 
considered modifiable factors. These are related to physical strength, present 
smoking, BMI, diabetes Type 2 and alcohol consumption. These results are promising 
as 10 years could be a considerable time frame for the implementation of 
interventions for delaying or even preventing dementia, which could mean major 
individual, societal and financial benefits. However, without further investigation 
trials on these areas it is not possible to assert that the proposed factors are in fact 
protective against dementia.   

Another important aspect to be discussed is that among the sub-branches of the tree 
that leads to dementia in 10 years from the baseline, in all of them but one, there was 
the presence of a node indicating poor physical strength, which may indicate that this 
is an especially important factor to be considered in further studies.  

Additionally, the lack of variables related to psychological assessment and health 
instruments that are routinely used for the assessment of dementia points out that 
these instruments may not be sensitive enough for the long-term prediction of 
dementia, and also be as well insensitive to mild cases that are possibly at the 
beginning of their development. The only exception was the Backwards Digit Span 
test, which assesses the working memory of an individual and may present the 
potential to be used in detecting early memory loss, one of the earlier symptoms of 
dementia. This is important as most of the cases of dementia are diagnosed when the 
disorder is at an already advanced stage [6].  

Lastly, considering the results, especially in relation to the modifiable factors, they 
are all already recommended in some form to prevent chronic illnesses and to 
maintain a healthy life. This could also refer to dementia theories that state that 
dementia is not an unavoidable consequence of aging and measures to delay and to 
prevent its onset should be investigated [1]. 
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4.2 Related Work   

In regard to related work, we could not find in the literature another study that 
predicted dementia in 10 years’ time, through the use of decision trees, with such 
broad approach as ours. By broad approach we mean an study that addresses multiple 
domains (demographic, social, lifestyle, medical history, biochemical tests, physical 
examination, psychological examination, and diverse health instruments) in a 
longitudinal population-based sample.   

The study by Ritchie and Tuokko (2011) [47] proposed a multi domain longitudinal 
approach for the prognosis of dementia. However, the study sample subjects already 
presented a degree of cognitive impairment at baseline; furthermore, its aim was to 
investigate the conversion to dementia in an interval of 5 years, which achieved an 
accuracy of 0.702.  

However, there were randomized clinical trials (RCT) that proposed multi domain 
lifestyle interventions in order to investigate the benefits in cognition or dementia 
incidence. They are detailed next:   

The Finnish Geriatric Intervention Study to Prevent Cognitive Impairment and 
Disability (FINGER) was an RCT which aimed at investigating the effects on 
cognition of a 2-year lifestyle multi domain intervention that encompassed nutritional 
guidance, exercise, cognitive training, social activity, and management of metabolic 
and vascular risk factors [48]. The population of the study was composed of 1200 
individuals (60 to 77 years) already at risk of cognitive decline. The FINGER results 
showed that the individuals in the intervention group had a positive effect in cognition 
(score in the Neuropsychological Test Battery [49]), even when corrected to 
sociodemographic, socioeconomic, cognitive, or cardiovascular factors at baseline 
[50].  

The Multidomain Alzheimer Preventive Trial (MAPT) is another RCT that aimed to 
investigate changes in cognitive functions of 1680 subjects (mean age of 75.3 years) 
enrolled at memory clinics in a period of 3 years. Three interventions were studied: 
(i) omega-3 supplementation; (ii) nutritional counseling, physical exercise and 
cognitive stimulation; and (iii) a combination of the i and ii interventions [51]. The 
results from the MAPT study presented no significant benefit in regards to any of the 
interventions in the memory function [52] (assessed by the Free and Cued Selective 
Reminding test [53]).  

The Prevention of Dementia by Intensive Vascular care (preDIVA) RCT also 
investigated the prevention of the dementia disorder with lifestyle interventions in an 
interval of 6 years. The population of the study was composed of 3526 randomly 
selected individuals (70 to 78 years) from health care centers. The intervention 
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comprised 18 visits to a practice nurse who assessed smoking habits, diet, physical 
activity, weight, blood pressure, and blood glucose and lipid assessments every 2 
years; and offered tailored lifestyle advice according to the study protocol. The 
primary outcome was measured in the incidence in all-cause dementia, in which the 
proposed intervention had no significant benefit [54].   

All of the three mentioned RCTs proposed interventions in the form of nurse visits 
who provided specific guidance in regard to lifestyle. The only one that showed 
significant benefits was the FINGER study. 

 

4.3 Limitations  

The high false-positive ratio indicated by the low precision achieved by the proposed 
DT could be seen as a limitation of the proposed method. This feature would be 
undesired, especially if our objective was to propose a diagnostic tool; however, the 
main goal of the proposed approach was to identify factors for the long-term 
prediction of dementia, minimizing the misclassification of the demented cases, 
which was moderately achieved.  

It would be novel and interesting to build separate models for male and female 
subjects and investigate gender-specific predictors for dementia, but the number of 
male subjects which developed dementia in the 10 year mark of the study was very 
low.  

The low number of subjects could be argued to be too low to be generalizable, 
however, the stratified nested cross-validation method was employed to avoid the 
selection of an overfitted or overoptimistic model.  

The results presented in the present study relate to a Swedish urban sample and may 
not be generalizable to other populations with different overall socioeconomic status; 
therefore, further investigation is needed in order to establish the effect of this factor 
on the results here presented. 

 

4.4 Future work  

Future work efforts should be directed to investigate the gender-specific prognosis of 
dementia, especially with the imbalance shown on the incidence between male and 
female subjects on the 10 year mark. Also this study is based on a single site of the 
SNAC study (Blekinge), further studies should be directed to validate the findings on 
this study in the other SNAC sites. 
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5. Conclusion  
This paper proposed a DT model for the prediction of dementia using data from a 
longitudinal, population-based study (SNAC-Blekinge), in a broad approach that 
investigated social, lifestyle, medical history, blood examination, physical and 
psychological factors, as well as diverse health instruments that are currently in use 
for the assessment of dementia, achieving an AUC of 0.745 and Recall of 0.722. The 
model identified diverse modifiable factors that could potentially be intervened in 
order to attempt a delay or prevention of the dementia onset.  
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Description 1: SocialNetwork  

This is a categorical index that assesses the subjects’ social network into one of the following 
categories: “Very bad social network”, “Bad social network” and “Normal social network”. It 
is built upon the questions described below, whose alternatives are attributed to a value held 
in parenthesis. The sum score of the values determines the category, as the following: a sum 
score of 5 characterizes a “Very bad social network”; a sum score in the range of 1 to 4 
characterizes a “Bad social network”; a sum score of 0 characterizes a “Normal social 
network”. 

Questions: 

Do you think your number of friends is enough? 

• Too few (1) 
• Enough (0) 
• Too many (0) 

 

How many people do you think you know well and can talk about most of the time? 

• No one (1) 
• 1-3 (1) 
• 4-6 (0) 
• 7-9 (0) 
• 10-15 (0) 
• 16-30 (0) 
• More than 30 (0) 

 

Do you have someone who you feel you can be yourself in, who accepts you with all your 
merits and flaws? 

• Yes, without a doubt (0) 
• Yes, probably (0) 
• No, probably not (1) 
• Not at all (1) 

 

Do you feel close to your family (other than your husband, spouse, partner and children)? 

• Missing relatives (1) 
• Highly (0) 
• To some extent (0) 
• Not especially (1) 
• Not at all (1) 
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Description 2: SupportNetwork 

This index was built as the sum score of the questions’ value regarding the subjects’ social 
support network. The highest the score the worse social support network the subject has. The 
alternatives for the questions (with their respective values in parenthesis) are the following: 
Yes, without a doubt (1); Yes, probably (2); No, probably not (3); Not at all (4). 

Questions: 

Ø Can you get help from someone or someone in case of illness or other practical 
problems? 

Ø Do you know someone or someone who can help you to write an official letter or 
appeal a government decision? 

Ø Do you know that you have someone or someone who can provide you with proper 
personal support to cope with the stress and the problems of life? 

 

Description 3: Loneliness 

This is a categorical index that assesses the subjects’ felling of loneliness into one of the 
following categories: “Very high level of loneliness”, “Some level of loneliness” and “Normal 
level of loneliness”. It is built upon the questions described below, whose alternatives are 
attributed to a value held in parenthesis. The sum score of the values determines the category, 
as the following: a sum score of 4 characterizes a “Very bad social network”; a sum score in 
the range of 1 to 3 characterizes a “Some level of loneliness”; a sum score of 0 characterizes 
a “Normal level of loneliness”. 

Questions: 

• Do you feel lonely? 
• Yes, often (1) 
• Yes, sometimes (0) 
• No, rarely (0) 
• No, never (0) 

 

When you look back on the last five years of your life, which of the following options best 
suits you? 

• I have not felt loneliness at any time in the past 5 years (0) 
• I have experienced occasional occasions with loneliness (0) 
• I have experienced recurrent periods of loneliness (1) 
• I have lived with a more or less constant feeling of loneliness (1) 
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Do you feel a strong affinity with your local community? 

• Highly (0) 
• To some extent (0) 
• Not especially (1) 
• Not at all (1) 

 

Are you in a group of friends who have or do something in common? 

• Yes (0) 
• No (1) 

 

Description 4: SocialActivities 

The subjects were asked if they engaged in the following sociocultural activities in the past 
12 months from the date they responded the questionnaire: “Cinema, theatre, or concert”; 
“Restaurant, café, or pub”; “Church or religious meetings”; and “Study circle or course of 
some kind”. The possible answers were “yes” or “no”. The “SocialActivities” index was built 
as the number of “yes” answers given by the subject. 

 

Description 5: PhysicallyDemandingActivities 

The subjects were asked if they engaged in the following physically demanding activities in 
the past 12 months from the date they responded the questionnaire: “Gardening”; “Taking 
walks outside”; “Picking berries or mushrooms”; “Hunting or fishing”; “Knit, weave or sew”; 
“Painting, drawing or sculpting”; “Home repairs”; and “Repairing cars or other mechanical 
equipment”. The possible answers were “yes” or “no”. The “PhysicallyDemandingActivities” 
index was built as the number of “yes” answers given by the subject. 

 

Description 6: LeisureActivities 

The subjects were asked if they engaged in the following leisure activities in the past 12 
months from the date they responded the questionnaire: “Reading the newspaper”; “Reading 
magazines”; “Reading books”; “Watching television”; “Playing games or cards”; “Playing 
musical instruments”; “Listening to music”; and “Using the internet or playing computer 
games”. The possible answers were “yes” or “no”. The “LeisureActivities” index was built as 
the number of “yes” answers given by the subject. 
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Description 7: MemoryLoss 

This index was built as the sum score of the questions’ value about the subjects’ memory in 
daily life situations. The highest the score means the highest memory decline of the subject. 
The alternatives for the questions (with their respective values in parenthesis) are the 
following: Never (1); Rarely (2); Sometimes (3); Often (4); Always (5). 

Questions: 

Ø Do you happen to come to the store and have forgotten what to trade? 
Ø Do you have trouble remembering what happened the day before? 
Ø Do you lose or place things? 
Ø Do you find it hard to know where you are? 
Ø Do you find it difficult to find the right home / at department? 
Ø Do you find it difficult to find the store / post office? 
Ø Do you find it difficult to find in a foreign environment? 

 

Description 8: PersonalityChange 

The tester asks the subject if they felt like they changed in regards to the items in the questions 
below. A positive answer to 2 or more items defines a change in personality. 

Questions: 

Ø More or less talkative? 
Ø More or less grumpy? 
Ø More or less agitated? 
Ø More or less withdrawn? 
Ø More or less apathetic? 
Ø More or less worried? 
Ø More difficult than before to make decisions? 
Ø More difficult than before to take the initiative 
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Healthcare is an important and high cost sector 
that involves many decision-making tasks based 
on the analysis of data, from its primary activi-
ties up till management itself. A technology that 
can be useful in an environment as data-intensive 
as healthcare is machine learning. This thesis in-
vestigates the application of machine learning in 
healthcare contexts as an applied health technol-
ogy (AHT). AHT refers to application of scientif-
ic methods for the development of interventions 
targeting practical problems related to health and 
healthcare.

The two research contexts in this thesis regard 
two pivotal activities in the healthcare systems: 
diagnosis and prognosis. The diagnosis research 
context regards the age assessment of the young 
individuals, which aims to address the drawbacks 
in the bone age assessment research, investigating 
new age assessment methods. The prognosis re-
search context regards the prognosis of dementia, 
which aims to investigate prognostic estimates for 
older individuals who came to develop the demen-
tia disorder, in a time frame of 10 years. Machine 
learning applications were shown to be useful in 
both research contexts.

In the diagnosis research context, study I sum-
marized the state of the art evidence in the area 
of bone age assessment with the use of machine 
learning, identifying both automated and non-au-
tomated approaches for age assessment. Study II 
investigated a non-automated approach based on 

the radiologists’ assessment and study III inves-
tigated an automated approach based on deep 
learning. Both studies used magnetic resonance 
imaging. The results showed that the radiologists’ 
assessment as input was not precise enough for 
the estimation of age. However, the deep learning 
method was able to extract more useful features 
from the images and provided better diagnostic 
performance for the age assessment.

In the research context of prognosis, study IV con-
ducted a review on the relevant evidence in on 
the prognosis of dementia with machine learning 
techniques, identifying a focus on the research on 
neuroimaging studies dedicated to validating bio-
markers for pharmaceutical research. Study V pro-
posed a multifactorial decision tree approach for 
the prognosis of dementia in older individuals as to 
their development or not of dementia in 10 years. 
Achieving consistent performance results, it pro-
vided an interpretable prognostic model identi-
fying possible modifiable and non-modifiable risk 
factors and possible patient subgroups of impor-
tance for the dementia research.
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