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ABSTRACT

IOANNIS STYLIDIS

Validity and Reliability of Digital Biomarkers for Frontotempo-
ral Dementia
February 2025

Frontotemporal dementia is a neurological disease that has been a concern for humanity
for a long time. Patients with this disease suffer from various consequences, such as cog-
nitive dysfunction, motor problems, and emotional dysregulation. Unfortunately, there
is no permanent treatment for it. Therefore, finding ways to collect more data would be
highly beneficial in addressing this problem. In response, a mobile application (ALLFTD
Mobile App) has been developed that its purpose is to simulate the data collected from
diagnostic tests. This application includes mobile games designed to assess the cognitive
function of patients, which can be an insight information about the level of dementia in
them. By gathering more data from patients, this application facilitates research efforts
aimed at finding a treatment and making better predictions of the severity of the disease
in patients.

In our analysis, we will demonstrate that this mobile application has the potential
to replace certain diagnostic tests that are typically performed in hospitals, allowing
patients to undergo fewer procedures. This will be achieved by using data from games’
performances over time from participants and evaluating their association with diagnostic
tests such as volumes of brain regions from MRI scans. In this study, two techniques-
Mixed-effects models and Structural Equation modeling(SEM)-will be used to analyze

the relationship between game performance and brain volumes.
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Chapter 1

Introduction

1.1 Frontotemporal Dementia

The suffering that patients with frontotemporal dementia endure is immense. Having
this disease makes every simple, easy task of the day seem difficult or even impossi-
ble to accomplish. They forget things, social interactions become frustrating for both
themselves and others, language problems arise, and even control over their own bodies
is diminished. Consequently, some essential skills required to interact with others are
difficult to have. Empathy, emotional control and regulation are among these traits.
Dementia with such symptoms is referred to as Behavioral Variant FTD.[5]

As a result, patients with these symptoms experience difficulties in their relationships
because they cannot behave appropriately. They also face challenges in managing their
financial decisions due to impulsive behavior, and overall, life becomes more difficult
in every aspect, as emotions play a central role in daily functioning. Another subtype
of frontotemporal dementia is Primary Progressive Aphasia. This subtype is further
divided into progressive non-fluent aphasia and semantic dementia. The former affects
patients by making proper and fluent speech difficult for them. In contrast, patients
with the latter subtype have difficulty understanding the meanings of words. Table 1.1
presents all types of frontotemporal dementia, their symptoms, and the regions of the

brain most affected.



Subtype

Key Features

Affected Brain
Areas

Behavioral Variant
FTD (bvFTD)

Personality changes, disin-

hibition, apathy, compul-

sive behaviors, emotional
blunting

Frontal lobes (par-
ticularly the pre-
frontal cortex)

Nonfluent Variant
PPA (nfvPPA)

Effortful, halting speech,
agrammatism, apraxia of
speech, preserved word
meaning

Left posterior
frontal lobe and
insula

Semantic Variant
PPA (svPPA)

Fluent but vague speech,
loss of word meaning,
impaired recognition of
faces/objects

Anterior temporal
lobes (left-sided)

FTD with Motor
Neuron Disease
(FTD-MND)

Motor symptoms (weak-
ness, fasciculations), behav-
ioral or language symptoms

Frontal and tempo-
ral lobes with mo-
tor areas

Corticobasal Syn-
drome (CBS)

Motor symptoms (stiffness,
dystonia), apraxia, cogni-
tive decline

Frontal and pari-
etal lobes

Progressive
Supranuclear

Palsy (PSP)

Impaired vertical eye move-
ments, postural instability,
behavioral changes

Brainstem and
frontal lobes

Table 1.1: Subtypes of Frontotemporal Dementia and their characteristics

Why does frontotemporal dementia occur? This happens because frontotemporal
dementia is a type of brain disorder that primarily causes the frontal and temporal lobes
to atrophy and shrink. While the full story of why and how this occurs remains unclear,
there is evidence that genetic factors and certain protein abnormalities are linked to
the physical deterioration of these brain regions. Below is some information about the

genetic and protein abnormalities associated with the condition.

Genetic Factors and Protein Abnormalities

Approximately 30-50% of patients with frontotemporal dementia have specific genetic
mutations associated with the disease. Mutations in genes such as MAPT" (microtubule-
associated protein tau), GRN (progranulin), and C9orf72 are known to be linked to FTD.
These genetic mutations disrupt normal protein function, leading to neuronal cell death
in the brain.[11]



Frontotemporal dementia patients appear to share a common underlying issue: cer-
tain proteins in brain cells do not function properly. Two well-known proteins associated
with these diseases are tau and TDP-43. The abnormal accumulation of these proteins
in cells causes neuronal degeneration, leading to a gradual reduction in the size of brain
regions due to neuron death. For example, mutations in the MAPT gene on chromosome
17, which encodes the tau protein, result in the abnormal aggregation of this protein.[11]

However, as mentioned earlier, only 30-50% of patients worldwide develop this disease
due to genetic mutations. For the remaining cases, there is no proven cause. Aging
seems to be the most likely factor, as aging reduces cellular efficiency and increases
the likelihood of protein misfolding. Additionally, environmental factors such as head
injuries or chronic exposure to toxins may contribute to the disease. Lifestyle factors
also play a significant role in cell health, meaning individuals with chronic stress, poor
sleep, diabetes, or high cholesterol may be at higher risk of developing frontotemporal
dementia. As a result, symptoms typically begin to appear between the ages of 45 and
65, and the disease accounts for 10-20% of all dementia cases.[5] This underscores the
importance of early diagnosis and providing patients with the available treatments.

This study, along with the mobile application developed by researchers at the Univer-
sity of California, San Francisco, aims to address this need. The mobile games included
in the application are designed to assess the stage of the disease in patients. In addition,
the application facilitates the research for improved temporary treatments and poten-
tially a permanent cure. However, the use of digital tests is not yet widely accepted and
other diagnostic methods are currently preferred.

In Table 1.2, the most commonly used diagnostic methods are presented. These

include MRI scans, clinical evaluations, neuropsychological tests, biomarkers, and genetic

testing.
Diagnostic Method | Purpose
Clinical Assessment Identify behavioral, language, or motor symptoms.
Neuropsychological Evaluate cognitive domains and distinguish from other
Testing dementias.
MRI / CT Detect frontal/temporal lobe atrophy.
PET / SPECT Assess reduced metabolism in affected brain regions.
Biomarkers (CSF, | Differentiate from Alzheimer’s; genetic testing for famil-
blood) ial cases.
Speech & Language | Diagnose specific variants of Primary Progressive Apha-
Testing sia (PPA).
Genetic Testing Identify mutations in familial cases.

Table 1.2: Diagnostic Methods




1.2 Motivation

Diagnostic tests are used to assess the stage of the disease, after which treatments are
available to help manage symptoms. However, a permanent cure has yet to be discov-
ered. Some of the temporary treatments are listed in Table 1.3, with the most common
approaches including medications and therapies such as occupational therapy, physio-
therapy, and social interaction therapy. Developing more effective treatments requires
further data collection.

Currently, available research data primarily consist of biomarkers from MRI scans,
biofluid measurements, and genetic analysis. However, collecting these biomarkers is
costly, time-consuming, and procedurally complex. This is where the serious games de-
veloped by the University of California, San Francisco, become a valuable asset in the
search for a permanent cure. These games allow data to be collected through smart-
phones, making the process more accessible and efficient. Given the widespread use
and acceptance of smartphones today, this approach significantly simplifies data collec-
tion and increases its volume.[2] The key challenge lies in determining whether the data
obtained from these games are sufficient for conducting robust statistical analyses and
deriving meaningful insights. Further research is needed to validate their effectiveness

as reliable biomarkers for tracking disease progression.

Treatment Category Desctription
Antidepressants (e.g., SSRIs): Offsetting the
Medications hormones, so the behavioral symptoms will be
lighter.
Therapies Therapies for behavior, speech and language
Lifestyle Optimization of di'et, exercise, emotional regu-
lation and sleep

Table 1.3: Treatments for Frontotemporal Dementia

1.3 Literature

Researchers have been investigating the validity of digital biomarkers as tools for assess-
ing cognitive function and detecting neurodegenerative diseases. Over the years, many
games have designed for this particular purpose. One of the most well-known examples
is Sea Hero Quest, a mobile game specifically developed to evaluate spatial navigation
deficits—one of the earliest signs of Alzheimer’s disease. This game has generated a

vast amount of data, allowing researchers to uncover important insights into age-related



and gender-related differences in spatial navigation abilities, as well as other cognitive
functions.[8]

A particularly relevant study for our research examined the relationship between
game performance and established dementia biomarkers, using digital cognitive assess-
ments as predictors and other biological and clinical measures as outcomes.[2] The study
found that the internal consistency of these game-based cognitive tests, ranged from
0.77 to 0.95 (Cronbach’s alpha coefficient) , which indicated good to excellent reliabil-
ity. Additionally, intraclass correlation (ICC) was used for test-retest reliability and the
results are between 0.77 and 0.95, indicating moderate to high stability across multiple
test sessions. Another valuable result is the diagnostic performance of the games for
distinguishing symptomatic individuals from healthy controls. Using the Area Under
the Curve(AUC) as a method for this measurement, they concluded that games are
highly effective in identifying cognitive impairment (AUC=0.93).Notably, the findings
also revealed that these assessments were more sensitive to early symptoms than some
traditional cognitive screening measures. It is important to mention the validity of these
digital assessments in relation to other biomarkers of dementia because it is the main
goal of our study. The study reported significant correlations between game performance

and clinical and neuroimaging measures, including:

CDR®+NACC-FTLD scores (r = 0.38-0.59): Widely recognized as a key biomarker

for frontotemporal dementia.

Neuropsychological tests scores (r = 0.40-0.66): Further validating the effective-

ness of game-based assessments in capturing cognitive function.

Brain volume measurements (r = 0.34—0.50): Reinforces the potential of game-

based cognitive tests as digital biomarkers for neurodegeneration.

In 2021, JMIR Serious Games contributed to this topic by assessing whether digital
card games could be used as biomarkers for mild cognitive impairment. Mild cognitive
impairment (MCI) is strongly associated with Altzheimer’s and frontotemporal dementia
since patients with MCI are more likely to develop it. Most commong way to dianose
MCI is by using standardized cognitive tests, such as the Montreal Cognitive Assess-
ment. However, in this study they investigated whether performance in a digital card
game called Klondike Solitaire, could evaluate the health statement of participants. Par-
ticipants are separated to healthy individuals and people diagnosed with MCI. They
played the game and the aim was to see if there were differences between healthy and
unhealthy individuals. To analyze the data, they performed Generalized Linear Mixed
Model(GLMM) with response variable measurements of the game. As fixed effects they
included a categorical variable that indicates if the patient is healthy or has the disease.

In addition, they controlled for age, tablet proficiency and Klondike Solitaire experience.



The last two variables ensure that results were not due to lack of familiarity. By that
model, it is possible to see if participants with the disease have worse results in the game
compared to the healthy participants. The analysis revealed that 12 out of 23 gameplay-
related measures there were statistically significant differences between healthy controls
and individuals with MCI. These findings could be useful for detecting early signs of
cognitive decline.[12]

Another important study explored the use of a game-based approach to identify
digital biomarkers for Parkinson’s Disease (PD), leveraging a mobile application to collect
detailed motor and cognitive data in an engaging and accessible format. The research
design involved a cross-sectional comparison between individuals diagnosed with PD
and a control group of healthy participants, matched by age. Participants interacted
with a series of touchscreen-based tasks designed to evaluate fine motor skills (e.g.,
tapping, swiping, and tracing), reaction time, and cognitive functions such as memory
and decision-making. Data were gathered through the device’s built-in sensors, including
touchscreen inputs, accelerometers, and gyroscopes, which captured precise kinematic
and temporal metrics. Advanced machine learning techniques were applied to analyze the
data, with feature extraction and selection processes used to identify patterns associated
with PD. Classification models, such as random forest and support vector machines, were
trained to differentiate between PD patients and controls based on the extracted features.
The results highlighted several key digital biomarkers, including increased variability in
tapping speed, reduced precision in tracing tasks, and slower reaction times, which were
strongly associated with PD. The models achieved an overall accuracy of over 85%,
with sensitivity and specificity rates above 80%, indicating high diagnostic reliability.
Furthermore, cognitive tasks involving memory and timed decision-making were found
to provide additional diagnostic insights. These findings demonstrate the potential of
game-based digital tools as a scalable, non-invasive method for early PD detection and
monitoring, offering a promising complement to traditional clinical evaluations.|1]

In the article called “Concurrent Validity, Test-Retest Reliability, and Normative
Properties of the Ignite App: A Cognitive Assessment for Frontotemporal Dementia®,
researchers evaluated the Ignite app’s effectiveness as a digital cognitive assessment tool
for Frontotemporal dementia (FTD). The study comprised two main cohorts: a norma-
tive group of over 2,000 cognitively healthy adults aged 20 to 80 years, recruited remotely
to establish baseline performance metrics, and a secondary cohort of 98 healthy controls
who completed the Ignite app twice, seven days apart, alongside traditional pen-and-
paper neuropsychological tests and a user experience questionnaire. The app assessed
multiple cognitive domains, including executive function, processing speed, and social
cognition. Results indicated significant associations between age and performance on
the app’s processing speed (r = 0.42-0.56) and executive function tasks (r = 0.43-0.62),
highlighting the app’s sensitivity to age-related cognitive changes. Test-retest reliability



analyses demonstrated moderate to excellent stability, with intraclass correlation coeffi-
cients ranging from 0.54 to 0.92 across various tasks. Additionally, the app’s measures
showed significant correlations with traditional neuropsychological tests (r = 0.25-0.72),
supporting its concurrent validity. User feedback was overwhelmingly positive, with over
90% of participants finding the app enjoyable and easy to use without supervision. These
findings suggest that the Ignite app is a valid, reliable, and user-friendly tool for assessing
cognitive function in FTD, offering a scalable solution for remote cognitive assessments
in both clinical and research settings.[7]

In the pilot study titled “Using Self-Administered Game-Based Cognitive Assessment
to Screen for Degenerative Dementia“, researchers developed and validated a Game-
Based Cognitive Assessment (GBCA) tool aimed at early detection of degenerative
dementia in older adults. The study involved 67 patients diagnosed with neurocog-
nitive disorders and 57 healthy controls. Participants completed the self-administered
GBCA alongside traditional cognitive assessments, including the Clinical Dementia Rat-
ing (CDR), Cognitive Abilities Screening Instrument (CASI), and Mini-Mental State
Examination (MMSE). Additionally, a user-experience questionnaire was administered
to evaluate the tool’s usability and acceptability. Statistical analyses revealed that the
average GBCA scores were significantly higher in healthy controls (87 & 7.9) compared to
the NCD group (52 + 21.7), indicating the tool’s effectiveness in distinguishing between
the two groups. The GBCA demonstrated strong concurrent validity, correlating well
with CAST (r? = 0.90, p < .01) and MMSE (r? = 0.92, p < .01) scores. A GBCA cut-off
score of 75/76 yielded a sensitivity of 85.1%, specificity of 91.5%, and an area under the
curve (AUC) of 0.978, with positive and negative predictive values of 91.9% and 84.4%,
respectively. User-experience feedback indicated that both healthy controls and NCD
participants found the GBCA acceptable and user-friendly, with particularly positive
responses from the healthy control group. These findings suggest that the GBCA is an

effective and user-friendly tool for screening degenerative dementia.[22]

1.4 Contribution

Although the literature on this topic is extensive, our study approaches the problem from
a different perspective. Machine learning techniques are highly effective in predicting
and monitoring the progression of dementia, but they provide limited insight into why
dementia occurs. Understanding the underlying causes of brain volume deterioration is
crucial for developing a permanent cure.

Previous studies, as discussed in the earlier section, have primarily focused on cross-

sectional data, which capture only a single snapshot of a patient’s condition. This limi-



tation makes it difficult to track changes over time or establish cause-and-effect relation-
ships. For instance, if a study finds that patients with dementia experience poorer sleep,
it remains unclear whether poor sleep contributes to dementia or if dementia causes
sleep disturbances. In contrast, longitudinal datasets allow for continuous monitoring of
dementia progression, enabling more reliable conclusions. Additionally, repeated mea-
surements over time can help track how individual patients respond to treatments, dis-
tinguishing disease progression from natural variations between individuals. This study
aims to leverage these advantages of longitudinal data.

As mentioned earlier, collecting brain MRI scans and biofluid data is particularly
challenging, especially for patients with frontotemporal dementia and when repeated
measurements are required. Therefore, assessing the relationship between brain vol-
umes from MRI scans and mobile game performance over time could provide a valuable
alternative. If meaningful patterns of brain atrophy can be identified through game
performance, these mobile games could serve as a proxy for repeated measurements,
allowing for earlier and more accurate disease assessments.

Longitudinal data collected through these games would also offer significant benefits
for research. Early diagnosis of dementia would become more feasible, and treatments
could be administered at earlier stages, improving their effectiveness. Furthermore, if
these games prove reliable in clinical trials, tracking disease progression would become
more practical, making the search for a cure more attainable.

In this study, we use several mobile games developed by the ALLFTD research team
to evaluate their effectiveness in predicting changes in brain region volumes. The size
of these brain regions provides critical information about dementia progression, but ob-
taining these measurements regularly through MRI scans is difficult. Using game perfor-
mance as an alternative biomarker would simplify this process. To analyze the data, we
employ mixed-effects models and structural equation modeling, which are particularly
well-suited for handling longitudinal data with repeated measurements.

In the next chapter, we will review the theoretical framework of longitudinal analysis
and the models applied in this study. Specifically, we will discuss data-related challenges
and potential solutions. We will then introduce mixed-effects models and the bivariate
latent change score model to examine the relationship between game performance and
brain region volumes over time. Finally, we will apply these models to our dataset to
evaluate the validity and reliability of ALLFTD mobile games as digital biomarkers over

time.



Chapter 2

Methodology

2.1 Longitudinal analysis

When working with repeated measurements over time, longitudinal analysis is essential
as it captures both within-subject and between-subject variability. In cross-sectional
studies, each subject provides only a single snapshot of data, allowing for the analysis of
differences between individuals but offering no insight into individual trajectories over
time. In contrast, longitudinal studies track the same individuals across multiple time
points, enabling the observation of changes over time and individual differences in those
trajectories. Additionally, this approach allows us to examine the factors that influence
these variations.[10]

In this study, longitudinal analysis is used to assess the relationship between brain
volumes and game performance over time. More specifically, we investigate whether
changes in game performance provide meaningful insights into changes in brain volume.
For instance, participants who achieve higher scores in the games may exhibit different
patterns of brain volume change over time. By modeling these relationships, we can gain
a deeper understanding of cognitive function progression and neurodegeneration.

Traditional statistical methods, such as standard regression models and t-tests, are
inadequate for analyzing longitudinal data as they do not account for the correlations
inherent in repeated measurements.[18] As a result, they often yield unreliable and bi-
ased estimates. Longitudinal analysis, on the other hand, is specifically designed to
handle such data structures, making it ideal for studying both within-subject changes
and differences between individuals.

To analyze our data, we employ mixed-effects models and structural equation mod-
eling, both of which are well-suited for handling repeated measurements. Each method
has distinct advantages that contribute to obtaining valid and reliable results. [n the
following sections, we will describe these approaches in detail and outline their respective
benefits.



2.2 Missing Values

The presence of missing values introduces significant challenges in the analysis. The
most critical issue is the loss of valuable information, which can lead to less precise esti-
mates and unreliable model coefficients.[3] In addition, missing data can inflate standard
errors, weakening the statistical power of hypothesis tests and reducing the accuracy
of parameter significance assessments. To improve inference and obtain more reliable
results, it is crucial to address the issue of missing data effectively. Missing values can

arise due to three primary mechanisms.|[3]

1. Missing completely at random: The missingness occurs independent of the ob-
served and unobserved data. An example is when accidentally a participant skips a
question in a survey. In that situation, missing values do not provoke any problem

in the analysis and the coefficients remain unbiased.

2. Missing at random: Missingness dependes on observed data and not on the un-
observed values. For instance, in a illness someone could not have participate in
the end of the survey because of severeness of the disease and inability to do some
particular things. If this will not be assesed right in analysis and missing values
will be solved like they are missing completely at random then biased will occur in

the estimates.

3. Missing Not at random: Missingness depends on unobserved data themselves. In
that case, more information is required about the reason of missingness and a more

complicated techniques to resolve them.

There are several approaches to addressing the issue of missing values. The simplest
method is complete case analysis, which involves discarding all data points with missing
values. This approach is valid under the assumption of Missing Completely at Random
(MCAR), meaning the missingness is unrelated to any observed or unobserved data.
However, if this assumption does not hold, complete case analysis can introduce bias
and increase the variability of estimates due to the loss of valuable information.[3] A
more flexible approach is available data analysis, which utilizes all available observations
without discarding entire cases. While it retains more data than complete case analysis,
it may still be suboptimal compared to more sophisticated techniques.

Advanced methods such as multiple imputation and maximum likelihood estimation
(MLE) are commonly used under the assumption of Missing at Random (MAR). These
techniques provide more accurate and less biased estimates compared to simpler methods.
Multiple imputation replaces missing values with several plausible estimates, creating

multiple datasets that are analyzed separately and combined for inference. MLE, on the
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other hand, estimates parameters by maximizing the likelihood function, making full use
of all available data without imputing missing values explicitly.[21]

For cases where data are Missing Not at Random (MNAR), more complex statistical
models are required. Joint modeling strategies estimate both the distribution of the
observed variable and the missing data mechanism simultaneously, making them suitable
for handling MNAR data.[21]

In this study, we primarily use maximum likelihood estimation, as our modeling ap-
proach naturally incorporates this method to estimate coefficients efficiently and accu-
rately. Additionally, an interpolation technique will be applied to impute certain missing
values, which will be further detailed in the Results section.

While simpler imputation techniques exist, such as mean imputation or regression
imputation, they can introduce bias and distort statistical inference by underestimating
variability and leading to incorrect conclusions. Therefore, these methods should be

avoided whenever possible in favor of more robust approaches.|[21]

Linear Interpolation

As we will see in the next chapter, a key complication in our dataset limits the use of
certain statistical tools for analyzing the longitudinal relationship between game perfor-
mance and brain volumes. Specifically, while game performance is measured every six
months, brain volumes from MRI scans are recorded only once per year. As a result, we
have at most two time points for brain volume measurements, making it impossible to
fit a random slope in mixed-effects models.

To address this issue, we will apply linear interpolation to impute missing values
between the two MRI measurements. This approach allows us to estimate intermediate
brain volume values, enabling a more comprehensive longitudinal analysis of the relation-
ship between game performance and brain atrophy over time. The interpolation formula

is the following:

Y1 — Yo
1 — Zo

y=yo+ (z —z0)

where,

e (x0,90) and (z1, y1) known points

e 1 and x; represent the time points
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e 1y, and y; represent the values of brain volumes

Linear interpolation constructs a straight-line using the two known points of brain vol-
umes and derive new data points within the range of them. It assumes a constant rate

of change between the two brain volume measurements.

2.3 Mixed-Effects Models

Mixed-effects models, often termed hierarchical or multilevel models, are statistical tools
designed to account for variability at multiple levels within a dataset. These models
are particularly useful for analyzing data that exhibit a nested or clustered structure,
such as repeated observations within individuals or groups. More specifically, we build
a mixed-effects model when there is a need to analyze the variability of within and
between-subjects effects. Between-subject effects are variables that do not change over
time. If we lack information about these kinds of data, participants may exhibit different
baseline levels. For instance, gender is this kind of variable and if we do not have
this information there will be an unexplained error if we use another kind of modeling.
Mixed effects models can capture this variability, thereby improving the precision of
inference. Furthermore, variability between subjects can provide valuable insight into
factors that are missing as fixed effects and may help identify variables that explain
differences between participants. On the contrary, within-subject effects are those that
change over time. These effects capture the variability of the response variable within
an individual across different time points or conditions.|[16]

Other approaches of modeling those kind of data are not particularly suitable. For
example, generalized linear models do not include random effects, so they can not capture
the within-subject variability. Also, this correlation that presents in the within-subject
observations violates the assumption of independence. In addition, GLM do not include
random intercepts in order to capture the subject-specific variability, thus there will be
an unexplained overdispersion. These issues results to incorrect inferences. Mixed effects
models allow for subject-specific variability through random effects, accommodating both
within-subject correlations and unbalanced data structures. This flexibility ensures a
more accurate representation of the hierarchical nature of the data, such as repeated
measurements. In conclusion, mixed effects models are particularly useful if the purpose
of the researchers is also to estimate the within-subject variability in order to decide
about the future of the patients. For example, if an individual has severe symptoms,

these kind of models can help to identify it and act appropriately for future care.
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Distinguishing Fixed and Random Effects

In mixed effects models, effects can be categorized as fixed or random:[10]

e Fixed Effects: Represent consistent, population-wide impacts of predictors. These

effects are assumed to be the same across all groups or individuals in the dataset.

e Random Effects: Capture variability specific to groups, clusters, or individuals
within the dataset. These effects allow for group-specific deviations from the overall

population trends.

Random effects are especially useful for modeling situations where variability exists
due to grouping factors, such as repeated measurements from the same subject. This
could represent differences in baseline brain region volumes across subjects.

Two common components of random effects are:

¢ Random Intercepts: Allow groups or individuals to have different baseline levels
of the outcome variable. For example, subjects might have varying average brain

region volumes regardless of their mobile game scores, age, or sex.

e Random Slopes: Enable the relationship between a predictor and the outcome
to vary across groups or individuals. For instance, the relationship between mo-
bile game scores and brain region volumes might differ among subjects, reflecting

individual-specific trends.

By incorporating random intercepts and slopes, mixed effects models can provide
a more nuanced understanding of variability in your data. Figure 2.1 presents four
different models with different assumptions regarding random effects. The first plot,
which demonstrates a simple linear regression model, assumes homogeneity in the data,
which means that all participants share the same intervept and slope. In contrast,
the mixed-effects model with only a random intercept assumes for each group a different
baseline value but the same fixed slope. For example, each participant in our study could
have a different baseline level of brain volumes, but the trajectory of brain volumes over
game performance remains the same. Another assumption for the random effects could
be the fixed intercept with random slopes which means that participants have the same
baseline, but the trajectories differ over time. And lastly, we can assume that everything

is random for every subject, as in the last plot in Figure 2.1.
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Figure 2.1: Different assumptions of random effects in mixed-effects models

Mathematical Representation

The mixed effects model that we will use in our analysis can be expressed as:

Yij = Bo + BiAge; + BoTimey; + B35 + boj + bijaij + €45,

where:

e Y;; denotes the brain region volume for subject j at time ¢,

x;; represents the mobile game score for subject j at time ¢,

Time;; represents the semester ¢ for subject j for i =0,1,2,...,n,.

Bo, B1, Pa, and [ are fixed effect coefficients (intercept, effect of baseline age, effect

of time, and effect of game scores, respectively),

bo; ~ N(0, afo) represents the random intercept for subject j,
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® by ~ N (O,afl) represents the random slope for the relationship between game

scores and brain volume for subject 7,
e ¢;; ~ N(0,0?) denotes residual errors.

This formulation accounts for variability in baseline brain region volumes and individual-
specific relationships between game scores and brain region volumes while incorporating
fixed effects for baseline age and time. The by; and b;; captures the variability that is
presented between-subjects. More specifically, by; detects the variability that exists in
the baseline of subjects and the b;; detects the variability that exists in the slopes of
the subjects. Therefore, if there is a difference in the trends of the subjects, then this
coefficient has the ability to fit a slope separately for each individual that vary from
the population slope. After accounting for these variabilities, the residual error ¢;; is

responsible for the variance left over from each subject:

Different Mathematical Representation

Another way that this model is presented is by two stages model. In the first stage, a
model for the j subject , j = 1,2,...,m is fitted:
Level 1 Within-Subject Model:

Yij = Boj + Bijxij + B2jAge; + B35 Time;; + €55

This model fits a unique straight line for each subject. The deviations of subject’s

observations from this line is the ¢;; measurement errors. Each participant has coeffi-

cients 3; = <20i>.
1i

However, the above model does not tell us anything about the among-subject varia-
tion. So, what about the population averages and the overall association of the variables
with the outcome? Therefore, the above models need an adjustment in order to contain
this information. Let’s suppose that every participant is a part of a broader population.
From the previous model, unique intercepts and slopes were constructed for each par-
ticipant. Thus, we can describe the population as random vectors ;. These random

vectors distinguish one subject’s trajectory from another.
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Thinking About the Population

e [t’s helpful to imagine this population as being centered around an average intercept
and slope. Some participants will have values closer to this average, while others

may deviate with steeper or flatter slopes.

e More formally, we can describe the mean intercept and slope of the population using
a central vector. Each subject’s intercept and slope can then be seen as varying
around this mean. To account for this variability, we can think of the population of
B; vectors as following: a joint probability distribution, which describes all possible

values the random regression vector f; could take.

Modeling the Population

To model this idea, let [y represent the average intercept and [3; represent the average

slope. Together, these can be written as:

=(3)

Here, 3 represents the mean vector of the entire population of ;. For any individual,

we can then express their specific intercept and slope as:

boi
Bi =B+ b, bi:<0>-
b

This equation shows that each subject’s 3; is made up of the population mean /3
plus a deviation vector b;, the random effect, which captures what makes that subject’s
trajectory unique.

In a more formal sense, the vectors b; are assumed to have a mean of 0 and are char-
acterized by a covariance matrix. This matrix explains the variability in the intercepts
and slopes between participants and how they are related. For example, if intercepts
and slopes are increasing together, then that indicates a correlation between the ran-
dom effects. The covariance matrix (D) captures these relationships. Moreover, the b;
vectors are assumed to follow a multivariate normal distribution that incorporates this

covariance structure:

with £ = 2 for a model with random intercepts and slopes.
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Individual and Population-Level Models

The within-subject model and the population-level model play different roles in the
explanation of the dataset. The first one describes the variation that is happening in
the individual level and the latter one captures the variability in intercepts and slopes
among all participants, linking the population-level and individual-level descriptions.
By combining the equations for fy; and [;; in the individual model, we can rewrite
the overall model as:
Yij = (Bo + boi) + (81 + bii) s + e

This equation has the deviations of the intercepts and slopes of each subject (b, by;)
from the population averages (fy, 31). Therefore, this model has information for each
participant separately and for the entire population. If there is a categorical variable like
gender that distinguishes the population in different parts, then every group can have
their own mean values of intercept and slope. For instance, for the gender, men could
have different fixed parameters of mean intercept and slope than women.

If ¢ subject is man:
Boi = Bo,m + bois P = Bim + bui,s

while if ¢ is woman,

Boi = Bo,r + boi, B = Br,r + bus.

The way mixed effects model evaluate the parameters is not the same as the linear
regression. The model exploits the nature of the coefficients and the multivariate normal-
ity assumption and uses the method of maximum likelihood. This works by estimating
the parameter values in order to maximize the probability of a situation happens based
on the data we observed. To understand the likelihood of observing the given data, we
can describe it using the joint density function derived from the multivariate normal
distribution. Assuming a multivariate normal model, the likelihood that the observed
data vector y; takes a specific value is captured by the joint density function for the

multivariate normal distribution. Specifically, if we assume
Yi ~ NG (XaB, 50),
then the probability of observing y; is described as:
i) = @) S exp { = 0= Xi0) TS - X0}

Since the observations Y; are assumed to be independent, the joint density for all ¥

is simply the product of their individual densities. Letting f(y) denote the joint density
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for the entire dataset Y, we have:

m

0 =TT At = TTm) 215 exp {50~ X0) ™5 0= X |

i=1

Maximum Likelihood Estimators

The principle of maximum likelihood involves determining parameter values that maxi-
mize the likelihood function f(y) for the observed data. In our model, these parameters
include the fixed effects 8 and the covariance components w (parameters of ¥;). The
values that maximize f(y) are known as the maximum likelihood estimators, and they
are functions of the observed data y.

However, the likelihood function depends on both # and w, and it is generally com-
plex. Specifically, solving for these parameters analytically is not feasible for most prac-
tical datasets due to the lack of a closed-form solution. Instead, numerical optimization

techniques are employed to find the parameter values that maximize the likelihood.

Unknown Parameters: § and w

In practical scenarios, it is realistic to assume that both § and w are unknown. Under
these circumstances, the maximum likelihood (ML) estimators must be derived for both
parameters. The expressions for the estimators cannot be represented in neat closed
forms. Instead, numerical algorithms are required to compute their values. This esti-
mator for J is referred to as the generalized least squares (GLS) estimator. The term
"generalized” emphasizes that the covariance matrix »; is not explicitly known and in-
stead relies on its estimated values.

When w is known, the exact sampling distribution of B can be derived, ensuring that
it remains an unbiased estimator of . However, when w is unknown, the covariance
matrices YJ; are substituted by their estimates f]z As a result, it becomes infeasible to
calculate the exact mean, covariance matrix, or other properties for B In such cases,

asymptotic approximations are often employed for inference purposes.
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Asymptotics of B

The covariance matrix f]i, which depends on w, is itself a function of the data Y;. This de-
pendency makes it challenging to calculate properties of B in closed form. Consequently,
3 no longer has an exact p-variate normal sampling distribution. In such situations,
deriving precise results becomes impractical. Instead, approximations are made under
simplifying assumptions. A common approach is to consider what happens when the
sample size becomes very large. Mathematically, this involves examining the behavior
of 3 under the assumption:

m — 00,

where m is the number of units in the dataset.

Under these conditions, it can be shown that the sampling distribution of B is ap-
proximately unbiased. This means that B becomes an accurate estimator in the limit
as m grows infinitely large. These results, however, are approximations. They describe
what happens in an idealized scenario with an infinitely large sample size. For finite
sample sizes, these results are only approximately valid. When m is moderately large,
the approximations are generally quite accurate, though the exact threshold for m to be
considered "large” is often unclear.

The results of large sample theory are fundamental to statistical methodology. For
our case, they allow us to approximate the distribution of ﬁ . Specifically, for large m, it

can be shown that: )
B~ N, (5, (x757x) ) .

This approximation is a cornerstone of inference in linear mixed models, where exact
distributions are otherwise difficult to derive. However, it is worth noting that any
inference that are derived from these estimates should be taken with caution. This is
the case because the assumptions that we made in order to derive these results may not
be entirely true. In essence, the sampling size may not be large enough or the data do

not follow the multivariate normal assumption.[10]

Restricted maximum likelihood

Although, maximum likelihood estimators provide unbiased coefficients (3, it is different
story for the parameters of the covariance matrix (w). When the sample size is not too
large, the estimates of covariance matrix are biased , providing inaccurate results for
parameters of variances. Maximum likelihood estimates the parameters w assuming that
we have the true parameters of coefficients 8. Thus, it does not account for the fact

that (3 are estimated along with w. Restricted maximum likelihood estimators, on the
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other hand, accounts for the estimated parameters 8 and adjusts the likelihood in order
to deal with this issue. The resulting estimator for w is less biased than the maximum
likelihood estimators.[10]

Hypothesis testing and Diagnostics

After these assumptions that we made and the estimations of the parameters, we can
make hypothesis about the significance of the variables. Therefore, we use standard
error of coefficients and we build confidence intervals. Moreover, we can make some
test statistics such as wald tests and likelihood ratio tests. It has been observed that

likelihood ratio tests have better results when the sample is not too large.

Comparison Method Description

Likelihood Ratio Test (LRT) Compares two nested models by
testing if the simpler model fits as
well as the more complex model.

Akaike Information Criterion (AIC) A measure of model fit that penal-
izes for model complexity. Lower
AIC indicates a better model.

Bayesian Information Criterion Similar to AIC but with a stronger

(BIC) penalty for complexity. Lower BIC
suggests a better model.

Marginal R-squared (RZ) Explains the proportion of variance
explained by fixed effects in the
model.

Conditional R-squared (R?) Includes both fixed and random ef-
fects when calculating variance ex-
plained.

Residual Diagnostics Analyzes residuals for patterns,
such as heteroscedasticity or lack of
normality, to assess fit.

Intraclass Correlation Coefficient (Quantifies the proportion of vari-

(ICC) ance explained by random effects in
the model.

Fixed Effects Significance Tests Tests the significance of individual
fixed effects using Wald tests or t-
tests.

Table 2.1: Common Methods for Comparing Mixed-Effects Models
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2.4 Structural Equation Modeling

Structural Equation modeling(SEM) is a diverse set of methods that is widely used
in the social and behavioral science fields. It is particularly useful when you want to
combine confirmatory factor analysis and multiple regression. Essentially, using SEM we
try to test some desirable hypothesis about associations and variability. This is achieved
mainly by estimating means, variances and covariances of observed data. In addition,
it is quite simple to make a structure that a response variable in one regression to be
an explanatory variable in another equation. These models can be presented by using
path diagram, which can help to understand intuitively the complex connections of the

observed and latent variables. The main components of SEM are the following:

1. Latent Variables: Unobserved variables that are derived from observed indicators
and usually they describe theoretical concepts that can not be measured directrly.
For instance, in this study cognitive function will be used as a latent variable using

games’ scores as indicators.

2. Observed Variables: Directly measured indicators and used to derive the latent

variables.

3. Measurement Model: The model that is used to present the latent variables and

their observed indicators, which is included to confirmatory factor analysis.
4. Structural Model: This model presents the relationships among latent variables.

In Figure 2.2, there are the symbols that are used to describe the Structural Equations
Model in a path diagram. These symbols will be used to describe the model that we will

use in this study.
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Latent Factor (Latent Variable)

Observed (Manifest) Variable or Indicator

» Directional Relation (Path) or Factor Loading

¥ ) Variance

¥~ ~\ Covariance or Correlation

(Residual) Error Variance Term or Uniqueness

A Constant, Mean, or Intercept

Figure 2.2: Symbols in path diagram

Advantages of Structural Equation Modeling

There are four main reasons to use SEM:[23]

Validity: Using multiple indicators for latent variables enhances validity. By incorpo-
rating all cognitive games as indicators of a latent variable, we can extract mean-
ingful information from each game while reducing the influence of unreliable or

task-specific variance.

Reliability: Accounting for measurement error—caused by external factors and other
influences—Ileads to more reliable and unbiased estimates, ensuring that the results

reflect true underlying patterns rather than random fluctuations.

Complex models: Structural Equation Modeling (SEM) allows for the implementation
of sophisticated models that would be significantly more challenging to estimate

using traditional statistical approaches.
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Hypothesis testing: SEM provides a framework for testing theoretical models by com-
paring them to actual data, allowing researchers to assess model fit and refine their

assumptions based on empirical evidence.

Confirmatory Factor Analysis

All measurements are subject to error. Confirmatory Factor Analysis (CFA) is ideal
for accounting for this measurement error. Our goal is to isolate the true score of the
measurement to obtain more reliable results when associating them with other variables.
Let’s define X as the observed variables and as t the true value without the error. Thus,

our objective is to decompose the true value from the error:[19]
X=t+¢

Given that we analyze app cognitive games played by people with dementia - who often
exhibit high variability in mood, attention, and behavior - it is beneficial to separate
the true cognitive performance of the participants from these errors. The latent variable
introduced through CFA aims to assess cognitive function and determine its association
with brain volumes. Errors arising from mood fluctuations, distractions, inconsistencies,
or other random factors can bias coefficient estimates. For example, a study by the
ALLFTD research team concluded that phone-based performance assessments are quite
reliable.[20] However, some individuals may lack familiarity with smartphones, especially
older adults, introducing bias into the estimates. In addition, some participants can be
more distracted than others due to factors that are not available to us. Moreover, since
games measure slightly different aspects, the latent factor can capture their common
variance. Various systematic errors can be accounted from Confirmatory Factor Analysis,
and improving the reliability and validity of inferences.

Besides CFA, Exploratory Factor Analysis (EFA) has been used to address this prob-
lem. EFA defines factor loadings to best reproduce correlations between observed vari-
ables, constructing the same number of factors as variables. Subsequently, a smaller
number of factors that explain a satisfactory amount of observed variance are retained.
However, EFA has limitations. Firstly, it is an inductive procedure, meaning the data
dictate the theory. Conversely, starting with a theory is generally more insightful, as it
allows for hypothesis formulation and subsequent statistical testing against sample data.
Therefore, an advantage of CFA is the ability to specify the measurement model before
examining the data. We impose constraints between factors and items, which can then
be tested for statistical significance. These parameter constraints can render the model

over-identified, which is desirable for hypothesis testing. Constraints may include set-
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ting certain factor loadings to zero, defining the variance of the latent variable to one, or
constraining one item’s factor loading to one. The latter two constraints serve to define
the metric of the latent variable, which generally lacks a predefined scale. By setting
the variance of the latent variable to one, we obtain standardized solutions for the factor
loadings, enhancing interpretability. Alternatively, constraining an item’s factor loading
to one assigns the latent variable the same scale as that item. For instance, if a game’s
score ranges from 0 to 10, the latent variable will adopt the same scale, allowing us to
obtain unstandardized factor loadings.

Figure 2.3 illustrates a two-factor model with seven indicators. Each factor is asso-
ciated with its respective observed items, with factor loadings for unrelated items set
to zero. Additionally, we can determine factor correlations and error terms, which mea-
sure the residual variability. The two latent constructs could represent memory and
cognitive function, with specific games serving as indicators for each construct based on
their relevance to these functions. Games that primarily assess memory skills could be
linked to the memory construct, while those evaluating cognitive processing, attention,

or executive function could correspond to the cognitive function construct.
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Figure 2.3: 2-factor model with 7 indicators.




Latent change score model

To implement latent change score modeling (LCSM), we use observations from cognitive
games and brain volumes at two time points, spaced one year apart. In the previous
section, we introduced a latent variable representing cognitive ability, measured using
game scores as indicators. Next, we build univariate LCS models separately to the
cognitive ability factor and the brain volume variable, giving the advantage to decompose
observed scores into true scores and measurement errors. This approach provides a more
accurate assessment of intra-individual change and inter-individual differences in both
cognitive performance and brain structure. To construct a latent change score model
with two time points, we express the latent variable at Time 2 as a function of the latent

variable at Time 1, plus the latent change:[13]
Ly =Ly + AL,

where L is the latent variable

Thus, to model latent change, we introduce a path from Time 1 to Time 2, fixing
its factor loading to one, as indicated by the equation above. This model enables us
to answer key research questions. Figure 2.4 illustrates the model structure and the
relationships between observed and latent variables.

The most fundamental question is whether there is an average population-level change
in cognitive ability and brain volumes between Time 1 and Time 2. The mean of the
latent change scores provides the answer to this question, while the variance of the
latent change scores indicates how much individuals differ in their changes over time.
Additionally, we can include an autoregressive parameter to examine whether the amount
of change depends on the initial score at Time 1.

Figure 2.4 presents the multiple-indicator latent change score model, where COG1
and COG?2 represent latent cognitive ability at Time 1 and Time 2, respectively. The
squares denote observed variables (scores from three different cognitive games), with
factor loadings labeled as A1, Ao, and A3. The latent change score (ACOG) is included
in the model, with its own intercept and variance. To assume that time points are
equidistant for all participants, the autoregressive path between COG1 and COG2 is fixed
to unity. However, latent change score models (LCSMs) offer flexibility to accommodate
non-equidistant time points, allowing for variability in time intervals across individuals.

Additionally, we account for task-specific consistency by allowing the error terms of
each observed score to be correlated across time points. This is represented in the model
by double-headed arrows connecting the same task at different time points. These cor-
relations acknowledge that certain stable task-specific influences persist over time but

are not necessarily part of the broader cognitive ability being measured. For exam-
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ple, a participant who has prior experience with tasks similar to the Stroop test may
complete it more quickly at both Time 1 and Time 2, regardless of actual cognitive
change. By incorporating these residual covariances, the model ensures that the analysis
focuses on true cognitive changes rather than stable individual differences in task-specific

performance.|13]
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Figure 2.4: Multiple indicator Latent Change Score model.

One might argue that we could simply use the observed difference scores to build
models based on them. However, this approach introduces significant measurement error.
If we do not account for these errors, they will be present in both time points, ultimately

reducing the reliability of the change score. To address this issue, we use the observed
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brain volume measurements from Time 1 and Time 2 to define a latent change score. This
approach is essentially equivalent to a paired t-test but provides a more robust framework
by explicitly modeling the underlying change while accounting for measurement error.

Figure 2.5 illustrates the structure of the latent change score model for brain volume.
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Figure 2.5: Latent Change Score model for brain volume.

Bivariate Latent Change Score Model

We have introduced the key components of the Bivariate Latent Change Score Model.
Now, we can connect these pieces and derive some insightful conclusions. Figure 2.6
illustrates the complete model that we will use to examine the relationships between
game performance and brain volumes. As we can see, this model captures four important

aspects of brain volume—game performance interactions. First, it includes the covariance
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between them at baseline, which informs us about their linear relationship. For example,
if this metric is positive, individuals with higher game scores will tend to have larger brain
region volumes. Second, we investigate how cognitive performance and brain volume are
linked over time, specifically whether game performance at Time 1 influences the rate
of change in brain structure. Third, we explore whether initial brain volume levels
predict the degree of change in game performance. Lastly, we assess correlated changes,
examining the extent to which alterations in brain volume and game performance occur

together after accounting for their directional influences.[13]

Volume 1 Volume
Time 1 > Time 2

Cor

Cor

A7 a2 A3 21 ?12 ’*3\‘
X171 X2T1 X3T1 X1T2 X272 X312
81 82 53 81 82 o3

Figure 2.6: Bivariate Latent Change score model for brain volume and games’ perfor-
mance.
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Estimates and Model fit

After the decision on the model we will use and the hypothesis that we want to test,
the estimation of the parameters follows. The method that is used in Structural Equa-
tions Modeling is the Maximum Likelihood (ML), which assumes that the data follow a
multivariate normal distribution. When we face real-world data, though, it is rarely pos-
sible that the data satisfies this assumption. Often, some variables may be skewed, have
outliers or show heavy tails. That’s why there have been developed other estimations
that can handle this issue. Maximum Likelihood with Robust Standard Errors (MLR)
adjusts for non-normality by computing robust standard errors. MLR does not assume
perfect normality and the model fit assessments will be more reliable. After the estima-
tion of the parameters we need to check how well the model fits the data. The way this
works in SEM is by comparing the model-implied covariance matrix with the observed
covariance matrix. So the covariance matrix that the model predicts and the covariance
matrix that we actually see in the data. If these two matrices deviate a lot, then it indi-
cates that the model might not be a good representation of reality. The most common
model fit indices that have been used are presented in Table 2.2. The Chi-Square and
Standardized Root Mean Square(SRMR) tests whether the model’s predictions signifi-
cantly differ from the observed data. However, it is highly sensitive when the sample
size is big or we have many parameters. Comparative Fit Index and Tucker-Lewis Index
compare the model to a baseline model. If the model fits the data significantly better
that the model with no structure, then these indices will have a value bigger than 0.95.
Lastly, Root Mean Square Error of Approximation (RMSEA) estimates how much error
we expect per degree of freedom in the model. It is particularly useful for models with
many parameters because it adjusts for model complexity and the validation of model fit
is more accurate.[9] Likelihood Ratio Test (LRT): Used when comparing nested models
(where one model is a simpler version of another). A significant chi-square difference
suggests the more complex model fits better. Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC): These indices penalize overly complex models.

Lower AIC/BIC values indicate a better balance between fit and simplicity.

Index Good Model Fit Suggestion
Chi-Square Test p-value >0.05
Comparative Fit Index Values >0.95
Tucker-Lewis Index Values >0.95
RMSEA Values <0.06
SRMR p-value <0.08

Table 2.2: Model Fit indices for SEM
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Measurement Invariance

It is important to establish that the sample comes from a homogeneous population.
Otherwise, the parameter estimates will not be valid for drawing conclusions. In reality,
though, it is possible that the sample include participants from different subpopulations,
such as different gender group. In Structural Equation Modeling (SEM), there is a
straightforward way to compare parameter estimates across groups.

We impose equality constraints on the parameters of interest (e.g., factor loadings,
intercepts). Then, we compare the constrained model (where parameters are assumed
equal across groups) to the freely estimated model (where parameters are allowed to
differ). If the constrained model shows a significantly worse fit, this suggests that the pa-
rameters differ across groups, indicating meaningful statistical differences. This method
is particularly useful for improving the reliability of parameter estimates and testing
specific hypotheses. A key step in longitudinal SEM and multigroup comparisons is es-
tablishing measurement invariance—ensuring that the same latent construct is measured
consistently across time or across groups. Without measurement invariance, comparing
latent constructs across groups is meaningless, as differences may reflect measurement
biases rather than true differences.

Why is this important? For example, there could be some bias in the brain volumes
of males population in comparison to females, that could obscure the true differences in
groups. This issue, known as differential item functioning (DIF), introduces testing bias,
meaning that observed differences may be due to the measurement process rather than
actual cognitive ability. Thus, before comparing groups, researchers must first establish
measurement invariance to ensure that the latent construct is being measured in the
same way across populations. We have different types of measurement invariances that

we want to compare and derive conclusions from them:
Configural Invariance: The same factor structure holds across groups.

Weak Invariance: Factor loadings are equal across groups, meaning that the relation-

ships between indicators and the latent construct are the same.

Scalar Invariance: Factor loadings and intercepts are equal, allowing for valid mean

comparisons of the latent construct across groups.

Strict Invariance: Factor loadings, intercepts, and residual variances are equal across
groups, ensuring that measurement error is also consistent. While weak invariance
confirms that the same construct is being measured, it does not allow for latent
mean comparisons. Scalar invariance is necessary for valid comparisons of latent

constructs across groups or over time.
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In a longitudinal study, we want the relationship between latent variables and ob-
served scores to remain constant across time, even if the latent scores themselves increase
or decrease due to natural cognitive change. Failing to establish measurement invariance
can lead to misleading conclusions about cognitive change, brain volume trajectories,
and their associations with other variables. Before making any group comparisons or
longitudinal conclusions, it is essential to establish at least scalar invariance. Without
it, observed differences in cognitive ability, brain volume, or other constructs may reflect

inconsistencies in measurement rather than real changes or group differences.[15]

Missing Values

There is a way to handle missing values efficiently in Structural Equation Modeling.
When data are Missing Completely At Random (MCAR) or Missing At Random (MAR),
meaning that missingness is related only to observed variables in the dataset , Full
Information Maximum Likelihood (FIML) can be used to estimate model parameters
using all available data. The main benefits of FIML, in comparison to listwise deletion
and other methods, is the maximization of the statistical power. Instead of deleting
cases with missing values, FIML retains all the available data and incorporate them
into the likelihood function. It has been proven that FIML performs the same of better
than Multiple Imputation, another method that resolves the missing values problem in
MAR occasions. A practical advantage of FIML is that it produces stable estimates
across repeated analyses, whereas MI relies on stochastic sampling, meaning that results
may vary slightly across different imputations. However, MI has its own strengths,
particularly when the missingness mechanism is complex or involves variables that are
not included in the model, in which case imputation models can incorporate additional

external information.[13]
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Summary

In this chapter, we explored the theory behind Mixed-Effects Models and Structural
Equation Modeling (SEM). Both are well-suited for longitudinal data, as they provide the
necessary tools to incorporate repeated measurements into the analysis. These models
are particularly valuable for dementia research, as they allow us to examine both intra-
individual and inter-individual differences, helping to identify factors that influence the
disease. In the next chapter, we will apply these models to investigate the relationship
between cognitive game performance and brain volume changes, drawing meaningful

inferences from the data.

32



Chapter 3

Descriptive Analysis

3.1 Experimental Structure

Researchers from the University of California, San Francisco, along with ALLFTD team
have developed a mobile application to gather additional data from patients with fron-
totemporal dementia. This neurodegenerative disease affects many individuals, and, as
of now, there is no cure. Therefore, further research and increased data collection from
patients are crucial. Traditionally, diagnostic tests like brain MRI scans and biofluid
analysis have been the primary sources for researchers seeking potential treatments and
evaluating the severity disease. However, these methods are both challenging to conduct
and costly. To address these challenges, researchers at UCSF and ALLFTD created an
application that includes games designed to assess cognitive and memory functions.[20]
This app features five different games, and our dataset includes both the games’ perfor-

mance and the results from eight brain volumes from MRI scans.

Participants

Data from 279 participants are gathered from an ongoing research project on Fron-
totemporeal dementia that are conducted by multiple centers around the world. It
contains healthy controls, asymptomatic f-FTD mutation carriers and symptomatic pa-
tients. More specifically, there are FTD patients and asymptomatic individuals from
f-FTD families with a known C9orf72 expansion or pathogenic mutation in GRN or
MAPT. In addition, mutation carriers and non-carrier family controls were included.
People that have these genes tend to have less brain volumes than those with healthy

minds. Therefore, it is reasonable to have some issues in cognitive and memory tasks.
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Study Design

Participants play each game three times over a 12-day interval every 6 months, with
washout days between sessions. Sessions were executed remotely via a smartphone app.
The reason to test the games multiple times is to assess the reliability of the games as
a measurement.[2] During this period, they underwent MRI scans in order to obtain the
brain volumes and some other features of the brain. However, it seems that even though
games were played every 6 months, our data contains volumes over a year. To ensure
the validity of the analysis, it is necessary to adjust the data by using only the game
scores most representative of the brain volumes recorded. Specifically, we will focus on
the game scores collected closest to the time of the MRI scans, limiting the analysis
to data from the same year. In addition, it is important to mention that we will use
only the first time that participants played the game. This is because volumes do not
change in 12-day interval and thus there is not useful information if we keep all of them
in order to assess the association between games and volumes. Although calculating a
statistical measure (e.g. an average) from the three scores could be an option, it may
introduce bias, as some participants did not complete all three sessions. In this analysis,
brain volumes will be used in comparison with the serious games and some demographic

variables.

3.2 Smartphone Cognitive Testing

The serious games assess aspects such as memory, attention, and cognitive function.
They are sensitive to these issues, even in patients in the prodromal stages. Let’s review

them one by one and describe how they work (Figure 3.1 and 3.2):

Stroop: A color word is displayed in ink of a different color, and the participant’s task
is to name the color of the ink, not the word itself. For example, if the word reads
"blue” but is printed in red ink, the correct response would be "red.” Healthy
individuals tend to have greater cognitive control, allowing them to identify the
mismatch between the word and the ink color more quickly. The Stroop test is
widely used to assess cognitive function in patients with frontotemporal dementia.
After the participant completes the Stroop task, we collect data on the number of
correct answers and the reaction times for each trial. From the median reaction
times across all trials, we derive a variable that indicates a speed-accuracy score

on a scale of 0 to 10 (more is better).

Flanker: Five ducks are displayed on the screen, with one main duck in the center sur-

rounded by the others. The participant’s task is to indicate the direction in which
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the main duck is facing. This can be challenging because the surrounding ducks
may face the opposite direction, requiring increased focus to inhibit an automatic
response. Similar to the Stroop task, we collect reaction time and accuracy data
from all trials. We will focus to the speed accuracy score using total reaction time
for all trials on a 0-10 range (more is better). This measurement combines reaction

time and accuracy into a single score.

Humi: To keep all your new customers happy, you need to remember their orders and
deliver the food to the correct tables. In this game, you must recall which dishes
were ordered and which table placed each order. Patients with frontotemporal
dementia often struggle with working memory and attention, making it challenging
for them to remember this information. Our data includes the mean of correct

trials, calculated by averaging the correct responses across all rounds.

Nback: You see animal floats go by one at a time. The goal is to indicate correctly
if the animal that is presented 2 steps earlier in the sequence is the same. Like
the Humi game, people with poor working memory and concentration would score
worse than those with healthier minds. The data contains:

1. the total trials that participants match for a not match trial (false positive)
total match trials where participants gives a respond

total not match trials where participant gives a respond

total trials that participants respond match to a match trial (True positive)

hit rate= true positive responds/ total match trials

false rate= false positive responds/ total not match trials

A R

Z-score hit rate - Z-score false rate

We will involve in our analysis the last variable, which represents perfectly the

performance of the participants.

Card Shuffle: Cards are presented to the participant, each featuring shapes that may
differ in color or number. In each round, the participant must match the card
presented to them with one of four other cards. The correct match depends on a
specific rule that the participant must remember in order to answer correctly (e.g.,
matching cards with the same shape). After several rounds, the rule changes, and
the participant must adapt to the new rule until it changes again. This test assesses
the ability to shift thinking in response to changing rules. The total number of

correct trials will be used in our analysis.
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3.3 Brain Region Volumes from MRI

To validate whether the games described above can be effective for research on fron-
totemporal dementia, we first need to identify another metric that has been used for this
purpose. Brain volume measurements from MRI imaging are a well-known method for
assessing the presence of this disease. These volumes represent the sizes of specific brain
regions, measured in cubic millimeters, and can be influenced by factors such as age,
diseases, and other neurological conditions. These measurements are obtained through
MRI scans with the help of specialized software that segments the brain into different
regions and counts the number of 3D pixels (voxels).

In patients with frontotemporal dementia, certain brain regions may shrink as the
disease progresses. Specifically, the areas most affected are the frontal and temporal
lobes. The former is primarily responsible for behavior, personality, and decision-making,
while the latter is more involved in language, memory, and emotions.[5] Therefore, for
games that assess executive functions, we expect the frontal lobes to play the biggest
role, while for games involving memory, the temporal lobes are likely to be the most
important.

In more advanced stages of the disease, the parietal and occipital lobes may also be
affected. These lobes are responsible for spatial awareness, sensory input, and visual
processing. Our data includes brain volume measurements for these four lobes, further
divided into left and right hemispheres. The left and right hemispheres serve distinct
functions, and the disease may have different effects depending on where the atrophy
occurs. The left hemisphere is more involved in language, logic, and analytical thinking,
while the right hemisphere is associated with emotions, spatial awareness, and intuition.
We anticipate that the games will be more correlated with the volumes of the left lobes
than the right.

Finally, we normalized the brain volume data by dividing the measurements by the
total intracranial volume to account for differences in overall brain size among individuals.
Thus, our response variables are the normalized volumes of the four lobes (left and right),
measured in cubic millimeters. We expect these measurements to decrease over time due

to either the progression of the disease or natural aging.

Severity Disease Measurement

Other than brain volumes data, there is a measurement that is mostly used to evalu-
ate the stage of the disease in patients. Basically, it is an aggregation of data coming

from interviews with patient and caregiver combined with biomarkers and MRI scans.
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This measurement is based on the clinical dementia rating scale (CDR) and the Na-
tional Alzheimer’s Coordinating Center(NACC). CDR is a tool to evaluate cognitive
and functional abilities such as memory, orientation, problem solving and community

affairs. Then, they assign a score in each domain ranging from 0 to 3.
e 0: Asymptomatic or Healthy
e 0.5: Prodromal stage
e 1-3: Symptomatic

The NACC FTLD Module complements the CDR by testing features that are more
specific for Frontotemporal Dementia like behavioral changes, language deficits and mo-
tor symptoms. This metric is widely used for diagnosing and monitoring progression and

for research studies. [20]

3.4 Exploratory Data Analysis

In this study, brain volumes are used to evaluate the validity of cognitive games as a digi-
tal biomarker for frontotemporal dementia. Any information extracted from these mobile
games that can help assess the stage of the disease will be invaluable for clinicians. Mag-
netic resonance imaging (MRI) offers several advantages over other dementia assessment
methods. Unlike the Clinical Dementia Rating (CDR) and the National Alzheimer’s
Coordinating Center (NACC) measurements, which rely on subjective reports from care-
givers and clinicians, MRI provides objective data. Additionally, tracking brain volume
changes over time allows clinicians to monitor the progression of dementia-related dete-
rioration, making it a valuable tool for both research and treatment evaluation. In this
analysis, we use brain volume measurements to examine the overall association between

game performance and brain volumes, as well as how these relationships evolve over time.

Brain Volumes as Biomarker for Frontotemporal Dementia

Brain volumes are widely known and used by clinicians and the changes over time are
a valuable asset for them. We can test their validity as biomarker for frontotemporal
dementia by observing whether they can differentiate participants between the stages
from CDR and NACC measurement. In Figure 3.3 we can see the number of participants
in each severity stage. We would like to see whether there are differences between the

brain volumes of each group in CDR and NACC measurement. Figure 3.4 shows the
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boxplots of left frontal lobe by severity stage. From boxplots and some statistical tests
(Kruskal-Wallis p — value < 0.01 and ANOVA with unequal variances p — value < 0.01),
we can assume that there are differences in the brain volume between patients with
different severity stage. By implementing pairwise comparisons using Wilcoxon rank
sum test, it seems that every pair of stages are statistically different. The same results

apply for the other brain volumes.
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Figure 3.3: Number of participants in each stage of CDR and NACC measurements
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Figure 3.4: Differences in volumes by Severity Stage

Figure 3.5 and Table 3.1 provide basic information about the variables and their cor-

relations. The mobile games show a mild positive correlation with brain volumes, ranging
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from 0.3 to 0.6. Among the games, Flanker, Humi, and Stroop exhibit the strongest cor-
relations, while NBack and Cards Shuffle show weaker correlations. Age appears to be
negatively correlated with both game performance(between —0.4 and —0.65) and brain
volumes(between —0.57 to —0.63). These findings suggest that participants with higher
game scores tend to have larger brain volumes, whereas older participants have smaller
brain volumes compared to younger ones. Furthermore, there are strong correlations ob-
served between brain volumes, particularly between the same left and right lobes. From
Table 3.1, we can observe that participants are between ages of 18 and 85. Moreover, it
is important to mention that the lobes’ volumes are normalized by the total intracranial
volume, in order to account for individual differences of brain sizes. Practically, this
means that the brain volumes in Table 3.1 are the proportions of the regions over the
total intracranial volume. Finally, the right lobes have about the same values like the
left lobes, so they are not included in the Table 3.1 below.
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Mean St. Deviation Median Min Max
Flanker 8.28 1.22 8.53 1.01  9.78
Humi 3.00 1.01 3.00 0.20 5.78
Stroop 6.87 1.10 7.05 3.51 9.12
NBack 1.96 1.11 2.04 -0.36 6.18
Card 33.28 7.20 36.00 8.00 42.00
Age 51.60 14.45 51 18 85
Left Frontal 0.030 0.004 0.031 0.013 0.038
Left Temporal 0.021 0.003 0.022 0.009 0.027
Left Parietal 0.018 0.002 0.018 0.008 0.023
Left Occipital 0.007 0.001 0.007 0.003 0.009

Table 3.1: Statistics

Gender-Volume Association

Out of the 278 participants, 164 are female and 114 are male. After conducting statistical
tests, we rejected the hypothesis that brain volumes are the same across genders (two-
sample t-test, p—wvalue < 0.01). However, there is an important consideration. As shown
in Figure 3.6, the distribution of men and women across severity stage groups reveals
that men with CDR and NACC scores above 0.5 outnumber women in percentage terms.

When adjusting for those who are healthy, a gender difference remains, but it is not

as pronounced, as illustrated in Figure 3.7 (two-sample t-test, p — value < 0.01).

Lisease Severity

Sex 0 0.5 1 7 3 Total
. 122 26 13 3 0 164

7449% 159% 79% 18% 0% 100%
y 54 32 19 9 0 114
: 474% 281% 167% 79% 0% 100%
Toral 176 58 32 12 0 278
O e3309; 2009% 115% 43% 0%

¥ =NaN - df=4 - Cramer's '=NaN - Fisher's p=0.000

Figure 3.6: Amount of males and females by severity discase
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Figure 3.7: Gender-based differences in volumes. Left one for all the participtants and
the right one for only the healthy participants

Age-Brain Volume Association

As mentioned before, it is natural for brains to atrophy as we age, so it is expected that
brain volumes decrease over time. In addition, dementia typically develops in older ages,
which means that older people are more likely to be diagnosed with the disease. As we
can see in Figure 3.8, there is a decreasing relationship between age and left frontal lobe
volume. Moreover, almost all individuals who have symptoms are after the age of 40

with some exceptions that are probably due to some genetic factors.

Severity
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—+ Symptomatic
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Figure 3.8: Age-Brain Volume relationship

43



Cognitive Games-Brain Volume Association

The primary goal of this study is to explore the relationship between game performance
and brain volumes. These games are designed to assess participants’ memory and cog-
nitive function. It would be reasonable to assume that individuals who perform better
in these games have healthier brains, which would likely correlate with larger brain vol-
umes. Figures 3.9, 3.10 and 3.11 illustrate the relationship between game performance
and left frontal lobe volume, distinguishing between healthy/asymptomatic and symp-
tomatic participants. In the Flanker game, symptomatic participants consistently score
lower than their asymptomatic counterparts. This trend is also evident in other games.

Figures 3.12-3.16 present scatter plots for each game and left frontal lobe volume,
categorizing participants by three age groups and health status. In the Flanker game,
healthy individuals maintain high scores regardless of age. In contrast, symptomatic
participants show greater variability, with younger individuals generally scoring higher
than older ones. In the Humi game, symptomatic patients consistently score lower than
healthy participants. Moreover, the relationship between game performance and brain
volume is more clearly observed among symptomatic individuals, suggesting a stronger
link between cognitive decline and brain atrophy. In the Stroop game, older adults tend to
perform worse across both healthy and symptomatic groups. Additionally, symptomatic
participants score lower than healthy ones, similar to the trend seen in the Humi game.
Finally, in the N-back and Card games, the relationship between game performance and
brain volume is less distinct. However, symptomatic participants still score lower than
healthy individuals, reinforcing the overall trend of cognitive decline being associated

with lower brain volumes.

Severity
AsymptomalicHealtny
—— Symptomatic

50 5 2
Flanker Humi

Figure 3.9: Games-Volume relationship
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Scatter Plot of Humi and Left Front Lobe volume
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Figure 3.13: Relationship between Humi and Left Frontal Lobe volume by age and health
statement

Scatter Plot of Stroop and Left Front Lobe volume
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Figure 3.14: Relationship between Stroop and Left Frontal Lobe volume by age and
health statement
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Scatter Plot of Nback and Left Front Lobe volume
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Figure 3.15: Relationship between Nback and Left Frontal Lobe volume by age and
health statement

Scatter Plot of Cards and Left Front Lobe volume
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Figure 3.16: Relationship between Cards and Left Frontal Lobe volume by age and
health statement

Brain Volumes over time

The dataset includes 206 participants with one time point, 71 with two time points, and
2 with three time points. Table 3.2 displays the severity stages of the 73 participants
with more than one time point. After performing a Wilcoxon signed-rank test on the
differences between time 1 and time 2 for the 73 participants, we found that we cannot

reject the null hypothesis of no significant difference between the two time points (p —
value > 0.01).
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Figure 3.17 displays the histogram of percentage changes in left frontal lobe volume
over time. As shown, most participants exhibit small changes, either positive or negative,
with a few exceptions. Specifically, the average percentage change in left frontal lobe
volume is -1.35%. The minimum and maximum percentage changes are -13.3% and

+9.31%, respectively. Other brain volumes exhibit similar trends, as shown in Figure

3.18.

Severity Stage
Healthy Prodromal Mild Dementia Moderate Dementia

# of participants m 19 6 4

with two time points

Table 3.2: Participants with two different time points

Histogram of percentage change for Left Frontal Lobe volumes
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Figure 3.17: Percentage of changes over a year for Left Frontal lobe volume
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Figure 3.18: Boxplots indicating the distribution of percentage changes in volumes over

a year for every brain volume.

Age-Brain Volume Association over time by Health Statement

Figure 3.19 illustrates the relationship between age and the percentage of change in

left frontal lobe volume between two time points. The data suggest that the decline

in symptomatic participants is slightly greater than in healthy individuals. However,

since symptomatic participants are older, we can not know for sure whether this greater

decline is due to their health condition or simply because of age. Therefore, we cannot

draw definitive conclusions about the underlying cause of the increased rate of decline.
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Figure 3.19: Association between Age and Percentage changes of Left Frontal Lobe

Volume by health statement.
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Cognitive Games over time

In contrast to brain volume percentage changes, cognitive game performance exhibits
greater variability. Since several factors can influence an individual’s performance—such
as mood, familiarity with the games, and distractions—the observed fluctuations are
reasonable. Brain volume measurements, on the other hand, have significantly lower
measurement error compared to cognitive games, which is why such variations are not
as evident. Furthermore, as shown in Table 3.3, the mean and median generally indicate
a positive change over time, except for the Flanker and Cards games, which contrast
with the brain volume results. This discrepancy may be due to the higher proportion
of healthy individuals in the dataset. If healthy participants tend to improve their
performance over time, which would be expected, it could lead to an overall positive

percentage change in game performance.

Histogram of percentage change for Flanker performance
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Figure 3.20: Percentage of changes over a year for Flanker game
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Figure 3.21: Percentage of changes over a year for Humi game

Histogram of percentage change for Stroop performance
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Figure 3.22: Percentage of changes over a year for Stroop game
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Figure 3.23: Percentage of changes over a year for Nback game
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Histogram of percentage change for Cards performance
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Figure 3.24: Percentage of changes over a year for Cards game

Games | n  Mean(SD) Median  Min
Flanker | 157  -1.24(9.02) 0.14  -51.15

Humi | 152 7.55(24.90) 4.76 -64.86  100.00
Stroop | 131 2.92(9.66)  2.66  -31.55

Nback | 121 22.11(74.95) 12.65 -379.28 345.00
Cards | 79 -1.42(17.58)  0.00

-60.00
Table 3.3: Statistics for percentage of changes over time in games
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Concluded Remarks

We conclude that brain volumes provide valuable insights into the progression of fron-
totemporal dementia, as they effectively distinguish patients with different CDR and
NACC measurements. Given this, evaluating the relationship between brain volumes
and cognitive game performance is a logical step. Our findings indicate a mild posi-
tive correlation between cognitive game performance and brain volumes, ranging from
0.3 to 0.6. Additionally, age is negatively correlated with both cognitive games and
brain volumes, suggesting that cognitive games may indeed capture the decline in cogni-
tive function over time. Another notable finding is the statistically significant difference
across genders. Furthermore, cognitive games demonstrate the ability to differentiate be-
tween asymptomatic and healthy individuals based on CDR and NACC measurements,
aligning with the results of previous studies.[2] Lastly, both brain volumes and game
performance exhibit changes over time, with game performance showing greater vari-
ability. In the next section, we will apply Mixed-Effects Models and Structural Equation
Modeling to test hypotheses based on these findings and further assess the relationship

between cognitive games’ performance and brain volumes.
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Chapter 4

Statistical Analysis

4.1 Models

4.1.1 Multiple Linear Regression

The simplest model to build is a multiple linear regression model. By developing a
separate model for each response variable, we can observe that the games are indeed

related to the medical (laboratory) tests. The models take the following form:
Y = By + By * Age + o x Time + 3 * GamePer formance + €

However, fitting this model on longitudinal data, creates some crucial issues. The
major problem we face is the assumption of independence in the residuals, which does
not hold true in our dataset. By using a multiple regression model, we essentially pool
all the data, which treats repeated measures for the same individual as though they were
independent observations. This approach ignores the fact that measurements taken from
the same participant over time are correlated. As a result, it’s as if each time point for
a subject is treated as a separate individual.

Applying this type of model to longitudinal data can lead to biased standard errors,
rendering significance tests invalid. Additionally, there are unobserved, time-invariant
variables that influence the outcomes of diagnostic tests beyond our predictors. These
might include factors like a participant’s 1Q or other inherent characteristics that are not
captured by our model. The pooled OLS model cannot account for the effects of these

unobserved variables, leading to unexplained variability in our results.
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4.1.2 Mixed-Effects Models

A solution to the problem of correlated residuals is the use of mixed-effects models. These
models address this issue by incorporating random effects and, if necessary, specifying
a correlation structure in the residuals. Random effects help explain the variability
observed between individuals. In addition to fixed effects, which describe population-
level trends similar to multiple regression, mixed-effects models introduce random effect
parameters that account for individual differences. Why is this important? Why not
rely solely on population averages? In many cases, factors influencing individuals may
not be explicitly included in the model but still affect outcomes differently for each
person. For instance, in clinical trials, patient-specific responses are often of interest
because unmeasured individual characteristics can distort the estimated effects at the
population level, potentially masking true relationships. Including random intercepts
helps address this issue by capturing differences in baseline levels between subjects.
Another key advantage of incorporating random intercepts is improved model fit. These
models not only account for baseline differences but can also explain variability in slopes
for a given variable. Additionally, they address correlated residuals, leading to more
accurate standard errors and p-values. A random intercept model fits lines with different
baselines but assumes constant slopes across participants. In contrast, adding random
slopes makes the model more flexible, allowing individual slopes to vary. Once between-
subject variability is accounted for, within-subject variability is captured through the

residual variance.

Fitting the model in ALL-FTD dataset

We begin by fitting a random intercept mixed-effects model for each game performance
variable, using left frontal lobe volume as the dependent variable. Additionally, we
control for baseline age and semester, allowing us to gain insights into baseline differences
among participants as well as the fixed effects of age, semester, and game performance.
The model is estimated using maximum likelihood, assuming that missing data follow
a Missing at Random (MAR) mechanism. Thus, the random intercept mixed model is

structured as follows:

Yi; = Bo + P x Agej + B2 x Semester;; + 3 x GamePer formance;; + by; + €;;
where:

e Y;; denotes the brain region volume for subject j at time 7,

o GamePer formance;; represents the mobile game score for subject j at time ¢,
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Semester;; represents the semester ¢ for subject j for i =0,1,2, ...,

Bo, b1, B2, and 3 are fixed effect coefficients (intercept, effect of baseline age, effect

of time, and effect of game score, respectively),

e by, ~ N(0, ago) represents the random intercept for subject j,

€ij ~ N(0,0?) denotes residual errors.

We can assess the significance of the random intercept by comparing the Akaike Infor-
mation Criterion (AIC) and Bayesian Information Criterion (BIC) for models with and
without the random intercept. Additionally, the intraclass correlation coefficient (ICC)
provides insight into the proportion of total variance attributable to between-subject dif-
ferences. If a substantial portion of the variance is due to the random intercept, we can
infer its significance. After evaluating baseline between-subject variability, it is worth
exploring whether there are differences in slopes across participants by fitting a random
slope model. By introducing a random slope for cognitive game performance, we can
assess whether the relationship between changes in game performance and changes in
brain volume varies across individuals. If the random slope for game scores is statisti-
cally significant, this would indicate that the association between game performance and
brain volume over time differs among subjects. The model capturing this variability is

structured as follows:

Yij = Bo + B1 x Age;j + Ba x Semestery; + (Bs + by;) x GamePer formance;; + boj + €5,

where by; corresponds to the random slope for the game performance

However, as we mentioned before the dataset contains 206 participants with only
one measurement in brain volumes, 71 subjects with two time points and 2 with three.
Therefore, it is not possible to fit random slope without having sufficient amount of at

least 3 time points.

Linear Interpolation

It is essential to collect more longitudinal data to test the significance of the random slope
assumption. However, since this is not feasible in the short term, we can make a stricter
assumption about the timing of brain volume measurements. As previously mentioned.
brain volumes are measured annually, while game performances are assessed every six
months. To bridge this gap, we can impute the missing brain volume values using lin-
ear interpolation. This approach, while strong, may still provide some insight into the
between-subject variability of slopes. That said, the results should be interpreted with

caution, as linear interpolation is not always a valid assumption. To mitigate potential
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biases, we introduced random error into the imputed values, adding noise to address
correlation bias. Some studies suggest that brain volume declines linearly over time,
but this has not been universally proven. [6] Given the variability in dementia severity
among participants, different stages of the disease may lead to distinct patterns of brain
atrophy. Nonetheless, we proceeded with imputing missing values under the assumption
of linear interpolation, carefully interpreting the results. With these imputed values, we
were able to fit a mixed model with a random slope, but only for the Flanker game. It
was not possible to estimate random slopes for the other games due to convergence issues
stemming from missing data. While multiple imputation could be explored to address
these missing values, layering additional assumptions onto an already strong assump-
tion about brain volume trends would likely render the results even more unreliable.
Thus, we focused on building a random slope model for Flanker to assess whether game

performance can help explain differences in brain volume slopes between individuals.

Robust Linear Mixed-Effects Model

Another challenge in the analysis was the assumptions underlying mixed models, par-
ticularly the assumption of normality. Given that we are working with real-world data
from mobile games and diverse participants, inconsistencies and outliers are inevitable.
Real-life data rarely conform perfectly to statistical assumptions. To address this, we im-
plemented a robust linear mixed-effects model, which provides more reliable and unbiased
estimates by adjusting the influence of individual data points based on their residuals.
This method assigns lower weights to observations that deviate significantly from the
model’s expectations. However, the implementation of robust mixed-effects modeling in
R is currently limited to models with random intercepts, meaning we could not apply
it to a mixed model with a random slope. Therefore, we present results for the robust

linear mixed-effects model with a random intercept.

4.1.3 Bivariate Latent Change Score Model

The limitations discussed in the previous chapter regarding mixed-effects models are sig-
nificant, preventing us from drawing meaningful conclusions about the impact of game
performance on brain volumes over time. The inadequacy of data across time points and
the strong assumption of linear interpolation caution us to interpret the results care-
fully. A model that relies solely on existing data may provide more reliable insights.
The Bivariate Latent Change Score Model is one such approach that could yield better
results. This model integrates a measurement model with a latent change score model,
allowing us to examine the relationship between game performance and brain volumes

over time. Specifically, we define a latent variable representing cognitive function——an
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abstract concept that cannot be directly measured. The cognitive games in our dataset
attempt to assess this function, making them suitable indicators for our latent construct.
By using observed game performances as indicators of cognitive function, we reduce the
measurement error inherent in individual games. The measurement model validates
whether these games accurately represent cognitive function, which is crucial given that
frontotemporal dementia leads to brain atrophy, affecting problem-solving, attention,
and decision-making abilities. If game performances can effectively measure cognitive
function, they may provide valuable insights into the progression of the disease. The
combination of the measurement model with the latent change score model allows us to
test this hypothesis and assess its significance. In Figure 19, we present the Bivariate
Latent Change Score Model. We selected three games—Flanker, Humi, and Stroop—as
indicators of the cognitive function latent variable. These games are the most represen-
tative for this analysis. In contrast, N-back and Card Shuffle were excluded due to their
lower correlation with brain volumes and high number of missing values, which could
lead to biased and unreliable estimates. Including all available games would also be
problematic, as an excessive number of indicators for a single latent variable can cause
convergence issues and poor model fit. Additionally, we standardized brain volumes to

mitigate potential convergence problems and ensure proper model estimation.
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Figure 4.1: Latent Change score model for brain volume.
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4.2 Results

4.2.1 Mixed model with Random Intercept

The mixed model with a random intercept indicates a statistically significant variance
between subjects in baseline brain volumes (/C'C = 0.97). However, since the dataset
includes at most two time points per subject, it is reasonable for this coefficient to be
high. With only two time points, there is limited within-subject variability, which results
in a lower proportion of variance being captured by residuals. Despite this, incorporating
random effects remains beneficial, as each individual has unique characteristics. If we
aim to explore the factors contributing to differences in brain volumes in future research,
including random effects is essential. Additionally, the assumption of independent resid-
uals is violated, which is accounted for by incorporating random effects. Furthermore,
model selection criteria such as AIC and BIC can be used to compare models with and
without a random intercept. In Table 8, the AIC and BIC values for the model using
the Flanker game as an independent variable favor the inclusion of a random intercept.

Similar results are observed for models incorporating other cognitive games.

Flanker Random Tnt ¢ Without Random
Model ARAEOHL HILETCED Intercept

AIC -3222 -3145
BIC -3199 -3125

Table 4.1: Model comparison with and without random intercept

After testing about the significance of random intercept, we can fit the model and
observe the results. In Table 9, the coefficients of fixed and random effects are presented.
Below, we demonstrate the interpretation of the coefficients for the Flanker Model. The

same interpretation applies for the other models too.

Intercept: For an 18-year-old individual with an average Flanker game score, the left
frontal lobe volume constitutes on average 3.57% of the total intracranial volume

during the baseline semester.

Baseline Age: Controlling for other variables, a year older person has on average de-
crease of 0.02% in the relative size of the brain region (brain region volume nor-

malized by intracranial brain volume).
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Semester: Controlling for other variables, after 6 months, a person has on average a

decrease of -0.016% in the relative size of the brain region.

Flanker Game: Controlling for other variables, a unit increased in the score of the

game, we have on average a 0.009% increase in the relative size of the brain region.

. Random Intercept Residual Standard
Model | Intercept Baseline Age Semester Game Standard Deviation Deviation
Flanker | 3.57% -0.02% -0.016%  0.009% 0.278% 0.043%
Humi 3.56% -0.02% -0.016%  0.023% 0.279% 0.045%
Cards 3.56% -0.02% -0.016%  0.005% 0.276% 0.028%
Nback 3.56% -0.018% -0.015%  0.002% 0.263% 0.042%
Stroop 3.59% -0.015% -0.016% -0.018% 0.260% 0.039%

Table 4.2: Fixed and Random coefficients of models

Figures 19, 20, and 21 illustrate the confidence intervals for the fixed effects coef-
ficients. The baseline Age and Semester are statistically different from zero for all the
models. For the games’ performances only the Cards Shuffle is statistically different from

Z€ero.

Robust Fixed Effects with Confidence Intervals for Flanker Model Robust Fixed Effects with Confidence Intervals for Humi Medel

0.08 0.06

I T . = I T

Baseline Age Flanker Perfrmance Semester Baseline Age Humi Perfrmance Semester
Fixed Effects Fixed Effects

Estimate

Figure 4.2: Confidence intervals for fixed effects in Flanker and Humi models

Robust Fixed Effects with Confidence Intervals for Nback model Robust Fixed Effects with Confidence Intervals Cards model

0.08 0.06

Estimate

= T L T

Baseline Age Nback Perfrmance Semester Baseline Age Cards Per
d Effects Fixed Effects

Figure 4.3: Confidence intervals for fixed effects in Nback and Cards models

61



Robust Fixed Effects with Confidence Intervals for Stroop Model
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Figure 4.4: Confidence intervals for fixed effects in Stroop model

4.2.2 Mixed-Effects Model with Random Slope

We will examine now whether there is variation in the slopes of subjects for the Flanker
game. As we mentioned before, the dataset contains at most two time points for each
subject and we linearly interpolated these two time points to obtain three time points and
have the opportunity to fit a random slope. Moreover, the results should be interpreted
with cautious because of the strong assumption of linear interpolation. The standard
deviation of the random slope is approximately zero, indicating that the slopes of subjects
do not vary significantly. In addition, AIC and BIC favor the mixed model with random
intercept only(Table 10).

Flanker Random Slope Without Random
Model HEOIL S0P Slope

AIC -3877 -3881
BIC -3845 -3857

Table 4.3: Model comparison with and without random slope

4.2.3 Bivariate Latent Change Score Model

Bivariate Latent Change Score model gives us the opportunity to directly measure some

interesting results between games’ performance and brain volume, which were not eligible
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in mixed-effects models. In the previous section, we have constructed the ideal model for
the analysis. After that, the initial task is to evaluate the model’s fit. Table 11 indicates

the fit indices of the model, which meet the recommended thresholds.

Fit Index | Value
CFI 0.981
TLI 0.977

RMSEA | 0.051
SRMR | 0.040

Table 4.4: Fit Indices of the model

We conclude that the fit indices support the model, allowing us to proceed with
inference. The cognitive construct(COG;) and the observed volume brain(Volume;)
aat time 1 have positive relationships with brain volume changes(y; = 0.095 and 8; =
0.085 respectively, pvalue < .05). This suggests that individuals with better game
performance at baseline tend to experience smaller negative changes in brain volume over
time, which aligns with expectations. Healthy individuals generally perform better in
cognitive games, indicating stronger cognitive function, and thus exhibit smaller changes
in brain volume over time. Conversely, individuals with dementia are expected to perform
worse in the games and experience greater cognitive decline, leading to larger brain
volume changes over time. Additionally, individuals with larger brain volumes at baseline
tend to show less change in brain volume over time, which is also supported by the model’s
findings.

The relationship between Volume; and changes in cognitive function (ACOG) is
positive (7o = 0.093, pvalue > .05). meaning that individuals with higher brain volume
at baseline tend to show greater changes in game performance over time. This could be
attributed to the dataset including both healthy and symptomatic individuals. Healthy
individuals may improve their performance over time, while symptomatic individuals
may decline. When these trends are aggregated, the net effect of brain volume appears
positive. However, the model does not reject the hypothesis that this effect is differ-
ent from zero. Similarly, the association between C'og; and ACOG is not statistically
significant.

The correlation between Volume; and COGY is positive (Cor = 0.624, pvalue < .05),
indicating that individuals with higher brain volumes tend to perform better in cognitive
games and exhibit stronger cognitive function. However, we cannot reject the hypothesis
that the correlation between changes in the latent constructs (ACOG and AV olume) is
zero (Cor = —0.110, pvalue > .05)

Furthermore, the variances of the changes in the latent constructs(AC'OG and AV olume)
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are statistically different from zero (e?ACOG = 0.066 , 0>AVolume = 0.065 with
pvalue < .05). This indicates that there are significant individual differences in the

changes in both game performance and brain volume over time.

Measurement Invariance

As mentioned earlier, there is a bias toward males in the number of symptomatic partic-
ipants, with more symptomatic individuals in the male group than in the female group.
Including this categorical variable in the model may introduce bias in the coefficients,
leading to unreliable estimates. To test whether the latent constructs measure the same
concept without bias in the structural equation model, we impose constraints on cer-
tain parameters for both males and females and assess the model fit. To determine
whether the construct is measured equivalently across genders, we must establish scalar
invariance. This requires constraining both the factor loadings and the intercepts of the
indicators (cognitive games) to be the same across genders. We then compare this model
to the unconstrained metric invariance model. If we fail to reject the difference between
the metric invariance model and the configural invariance model (which allows factor
loadings and intercepts to vary freely), we can assume that measurement properties are
partially consistent across genders. In Table 12, we observe that we cannot reject the
hypothesis that configural invariance and metric invariance models are different. How-
ever, we do reject the hypothesis that metric and scalar invariance models are equivalent.
This means we cannot assume that the latent construct is measured consistently across

genders.

Invariance | Df AIC BIC Chi-Squared P-Value
Configural | 42 3577 3744 87.71
Metric 44 3574 3734 89.14 0.64
Scalar 47 3607 3756 128.01 <0.01

Table 4.5: Model Comparison for measurement invariance in gender

Summary

In this chapter, we performed Mixed-Effects Models and the Bivariate Latent Change
Score Model. Overall, we found no evidence that changes in game performance are re-
lated to changes in brain volumes. However, the Mixed-Effects Models revealed that
the random intercept is statistically significant, indicating variability in baseline mea-

sures between subjects. Additionally, we observed a statistically significant decline in
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brain volumes with age. After controlling for age, we could not reject the hypothesis
that cognitive game performance has an effect different from zero, except in the case
of the Cards Shuffle game. We attempted to fit a random slope after imputing missing
six-month brain volume values, but the random slope was not statistically significant.
Therefore, we cannot conclude that there is variability in brain volume trajectories based
on Flanker game performance over time. However, these results may be unreliable due
to the small sample size and the strong assumption of linear interpolation.

On the other hand, the Bivariate Latent Change Score Model provided valuable in-
sights. Overall, there are inter-individual differences in brain volumes and cognitive game
performance over time. Additionally, we found a strong positive correlation between the
baseline latent construct of cognitive games and baseline brain volume, suggesting that,
on average, higher game scores correspond to larger brain volumes. Lastly, the model
suggests that cognitive game scores and brain volumes may offer meaningful insights into

brain volume trajectories.
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Chapter 5
Conclusion and Discussion

It would be beneficial to assess cognitive function and its decline in patients with Fron-
totemporal dementia, a disease that accelerates brain volume atrophy and negatively
impacts patients’ lives. MRI scans have traditionally been the primary objective method
to track this decline, but they are time-consuming and costly, making it difficult to ob-
tain a sufficient amount of data. This limitation poses challenges for clinical trials and
patient monitoring. In contrast, mobile cognitive games, as presented in this study,
offer a practical alternative by providing valuable information about the stage of de-
mentia in patients. These games are easy to administer, convenient for patients, and
simple to implement. In this study, we introduced a mixed-effects model and a bivari-
ate latent change score model to examine the relationship between brain volumes and
mobile game performance. The primary objective was to evaluate these games as poten-
tial biomarkers or as complementary tools alongside more established biomarkers. Our
findings suggest a positive association between game performance and brain volumes
in both models. Moreover, the bivariate latent change score model provided additional
insights into the association between changes in game performance and changes in brain
volume over time, an aspect that was difficult to capture using the mixed-effects model
due to the limited amount of available data. Specifically, only two time points were
available for brain volume measurements, restricting our ability to fully utilize mixed
models and structural equation modeling, particularly in incorporating random slopes
or drawing reliable conclusions about long-term trajectories.[17] Previous research has
suggested that if time points are sufficiently spaced apart, even two measurements can
yield more reliable results.[4] Nonetheless, while the bivariate latent change score model
identified individual differences in both game performance and brain volume changes,
these changes were not directly associated with each other, highlighting the need for
further investigation.

There were several limitations in this study that future research should address. The
collection of additional data would allow for the development of more refined measure-

ment models and a more comprehensive representation of cognitive function derived from
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mobile games. Incorporating additional games could enhance the ability to construct
complex latent variables that better capture the intricacies of brain function and provide
a more accurate assessment of cognitive abilities. Instead of focusing solely on cognitive
function as a latent construct, the availability of a broader range of serious games and
their associated data would enable the creation of additional latent variables, such as
memory, which is also affected by frontotemporal dementia. Furthermore, developing a
latent variable for brain volumes that accounts for measurement error from MRI scans
would improve the reliability of the results. If both cognitive function and memory were
represented as latent constructs derived from serious games and brain volumes were ad-
justed for measurement error, the association between serious games and brain volumes
could be assessed more accurately. Beyond data collection, obtaining repeated measure-
ments over time would significantly enhance the construction of mixed-effects models,
allowing for a more detailed examination of longitudinal relationships and the incorpo-
ration of random slopes. With more time points, it would also be possible to develop a
bivariate dual latent change score model, introducing an additional latent construct that
captures overall trends and facilitates comparisons of latent variables across different
periods. This would provide a more comprehensive understanding of the relationship
between game performance and brain volumes over time. In addition, an alternative
approach could involve Bayesian modeling, incorporating uninformative or, if possible,
informative priors. Bayesian methods in mixed models and structural equation modeling
offer advantages in addressing missing data issues, even in cases where data are missing
not at random. They are also effective in small sample situations and provide posterior
distributions for each parameter, making them particularly useful when dealing with
identification or convergence problems or difficulties in fitting random slopes.[14] Given
these advantages, Bayesian modeling could be a promising direction for future research

in this field.
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