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Synopsis
Background: A constantly growing body of literature shows that children from low-
socioeconomic status (SES) backgrounds are at risk of cognitive developmental delays,
poor health outcomes, and cognitive difficulties which lead to high rates of school drop-
outs and struggles in other areas of life. In sub-Saharan Africa, where the human immu-
nodeficiency virus (HIV) is the most prevalent, low-SES households and communities
are disproportionately affected by the disease and its effects on neurodevelopment. The
ability to predict cognitive abilities or deficits from neuroimaging or other methods could
make it easier to identify at-risk children who may benefit the most from targeted inter-
ventions. This is of relevance in low-SES populations with relatively high rates of child-
hood HIV that may affect neurodevelopment. Magnetic resonance (MR) imaging (MRI)
is a versatile tool that can be used to measure a broad range of brain tissue properties
giving rise to cognitive functions. For example, structural MRI (sMRI) can quantify
brain volumes and other morphometrics, diffusion tensor imaging (DTI) can estimate
the amount of nerve fibre damage, and proton MR spectroscopy (‘H-MRS) can charac-
terise the biochemical profile of grey and white matter (GM, WM).
Research aims: The aims of this study were: First, collect evidence for what is known
about the relationship between cognitive performance assessed by a comprehensive set
of cognitive test batteries and brain changes measured with neuroimaging in children,
adolescents, and youth living with HIV. Second, compare the predictive performance of
penalised linear models (PLMs), support vector machines/regression (SVM/R), and de-
cision tree ensembles (DTEs) in predicting continuous scores on cognitive tests, as well
as categories of cognitive performance from multimodal neuroimaging in a cohort com-
prising both children living with and without HIV. Third, determine whether multimodal
MRI offers any predictive advantage compared to predicting future performance using

cognitive scores at a younger age.



Methods and materials: To address these aims, we first conducted a systematic liter-
ature review and secondly a multimodal MRI neuroimaging and cognitive testing study
of 132 children from low-SES backgrounds. For the review, we searched PubMed, Scopus,
Web of Science, CINAHL, APA Psych Info & Psych Articles, and Academic Search
Premier for studies published between 1 January 2006 and 31 October 2022. Inclusion
criteria were studies that investigated a relationship between neuroimaging brain
measures and cognitive test scores and included children (0-14 years), adolescents (15—
18), and youth (19-26) living with HIV.

For the neuroimaging and cognitive study, structural MRI, DTI, and '"H-MRS were ac-
quired at ages 7 and 9 years. Cognitive performance was assessed using the Kaufman
assessment battery for children, Beery-Buktenica developmental test of visual-motor in-
tegrations, test of variables of attention, Purdue pegboard test, the Peabody picture
vocabulary test, and semantic fluency test at both ages. PLMs, SVMs/R, and DTEs
prediction models were implemented with Bayesian optimization and assessed with 10-
fold cross validation (CV) and compared for their ability to predict continuous scores
(regression) or categories of cognitive performance (classification). Poorer and better
cognitive performance categories were identified with a hierarchical clustering algorithm.
Regression performance was assessed via 10-fold CV errors, coefficient of determination
(R?), and Pearson’s r between predicted and actual values. For the classification models,
10-fold CV sensitivity, specificity, and area under the receiver operating characteristic
curve (AUC) were obtained.

Results: Evidence from the literature suggests that HIV may lead to alterations in the
brain’s structure, function, neurometabolism, and WM microstructure. Individual brain
measures are linked to outcomes of short-term memory, processing speed, working
memory, problem solving, and general intelligence quotients in children, adolescents, and
youth living with and without. We could not find any studies linking multimodal MRI

to cognitive performance in this population of young people.
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PLMs, SVMs/SVR, and DTEs performed poorly for the regression problem; the predic-
tive models led to small training and fitting errors but high generalised CV errors. How-
ever, using either multimodal MRI data or cognitive scores at age 7, we could predict
auditory working memory (R? = 0.45, r = 0.75), short-term memory (R*> = 0.43, r =
0.62), visual-motor integration (R?> = 0.26, r = 0.39), and executive reasoning (R? = 0.33,
r = 0.27) scores at age 9 with moderate to strong Pearson’s r. Classification of children
into poorer or better performance categories was more successful than regression of the
individual scores, with 0.75-0.81 AUC, 70-77% accuracies, 70-81% specificities, 71-79%
sensitivities using historic multimodal MRI and cognitive scores. Historic multimodal
MRI (AUC = 0.80, accuracy = 76%) was marginally better than cognitive scores (AUC
= 0.75, accuracy = 70%) in classifying future overall cognitive performance.

Conclusion: There were multimodal brain measures relevant in the prediction models,
these included creatine and glutamate concentrations in midfrontal gray matter region,
thalamus volume, diffusivity in the cingulum WM tract, cingulate gyrus area, and gyri-
fication index of the parietal lobe. This suggests that multiple MRI modalities and fea-
tures should be considered simultaneously to establish correlates of overall cognitive
performance. The neural correlates we find could potentially be used to identify bi-
omarkers of cognitive impairment, understand the developmental nature of cognitive
plasticity, and enable the development of targeted interventions that can modulate brain

networks associated with cognitive functions.
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1

INTRODUCTION: exploring the relationship between
multimodal magnetic resonance neuroimaging and cogni-

tive outcomes in children

Chapter 1 provides the problem statement, brief background on neuroimaging, cog-
nitive testing, and machine learning, aims and objectives of the study, and finally an
outline of the whole dissertation.

1.1  Background

Socioeconomic status (SES), cognitive outcomes and brain development

It is important to understand cognitive abilities of children from low-SES backgrounds,
since extensive reviews of the literature show that they experience neurodevelopmental
delays (Rakesh et al., 2023), high rates of school dropouts/absenteeism (Sosu et al.,
2021), and poor health outcomes (David et al., 2019). Possible reasons are limited access
to healthcare resources and their environment being less likely to encourage the devel-
opment of fundamental skills of language, vocabulary acquisition, working memory, at-
tention, socioemotional processing, and general intellectual functioning. As a conse-
quence, these children are also likely to have low income and poor health in adulthood.
Although SES is a complex construct that encompasses factors such as household income,
educational level, job security, and individual perceptions of social status and class, it
has a measurable impact on cognitive development, brain structure, and the interplay
between brain function and cognitive abilities.

A recent comprehensive umbrella review shows that children from higher-SES back-
grounds consistently perform better in multiple cognitive areas, such as language,
memory, and executive functions, compared to their lower-SES peers (Tan, 2024). This
disparity is also attributed to access to educational resources and parental involvement.

This poor performance in low-SES communities affects academic achievement and results
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in the reduced graduation rates, reduced propensity to seek higher education opportuni-
ties, and eventual inability to complete school (Sosu et al., 2021).

SES also plays an important role in how the human brain develops. For example, studies
have found associations between neighbourhood poverty, prefrontal and hippocampal
volume, and cognitive performance (Taylor et al., 2020); children from low-SES back-
grounds often exhibit smaller amygdala and hippocampal volumes as well as reduced
cortical thickness (Abo Hamza et al., 2024). Additionally, recent findings indicate that
SES circumstances of children and their families influence the response to early-life brain
injuries in children born premature (Benavente-Fernandez et al., 2020). Furthermore,
SES has also been found to have mediating effects on brain-cognition relationships
(Thomas & Coecke, 2023). For example, associations between SES, cortical thickness,

and surface area mediate differences in cognitive skills of language and executive function

between (ibid.).

Perinatal HIV, cognitive and brain development

In post-apartheid South Africa, which carries the largest share of the global HIV burden,
low-SES households and communities are disproportionately affected by the disease
(Cleary et al., 2011; Wabiri & Taffa, 2013). Therefore, for children residing in low-SES
South African communities, normal brain development is potentially hindered by peri-
natally-acquired HIV (Musielak & Fine, 2016; van den Hof et al., 2019), neighbourhood
poverty and household SES (McDermott et al., 2019; Taylor et al., 2020), or a combi-
nation of these factors. Further, HIV has been shown to affect selective developmen-
tal/cognitive domains of learning, executive function, and hearing (Musindo et al., 2022;
Rowe et al., 2021). Although there is a wealth of data from high-income countries, it is
important to investigate the relationship between brain structure and cognitive perfor-

mance in a population representative of a typical low- or middle-income country setting.



Neuroimaging and cognitive testing are two widely-used methods for understanding pae-
diatric cognitive development/performance in order to monitor treatment efficacy and
establish effective intervention strategies. Ultimately, the ability to predict cognitive
abilities or deficits from neuroimaging and/or cognitive testing could make it easier to
identify at-risk children living in low-SES communities who may benefit the most from

earlier targeted interventions.

Paediatric magnetic resonance neuroimaging

Over the past decade, neuroimaging has shown its usefulness in the identification of
infant cognitive impairment (Schadl et al., 2018), neurodevelopmental delays (Ouyang
et al., 2020), as well as clinical diagnosis and treatment monitoring of attention-defi-
cit /hyperactivity disorder (ADHD) in children with attention problems (Firouzabadi et
al., 2022). Furthermore, neuroimaging has been used to characterise HIV-associated cog-
nitive deficits from adolescence to adulthood (Nichols, 2022), although there are still no
clear neuroimaging or cognitive criteria for diagnosing HIV-related cognitive impairment
in children (Hoare et al., 2014). Nevertheless, neuroimaging has uncovered previously
unknown effects of neurological and environmental factors on paediatric brain structure
and function.

Magnetic resonance (MR) imaging (MRI) is a valuable brain imaging tool, because of
its excellent soft tissue contrast, resolution, signal-to-noise ratio, absence of ionizing ra-
diation, and the ability to examine different properties of tissue using the same scanner.
Various non-invasive MR neuroimaging modalities exist: for example, structural MRI
(sMRI), which may be used for quantifying the brain’s morphometric measures like re-
gional and total volumes, cortical thicknesses, gyrification, areas, depths, and curvatures
(Symms et al., 2004). Diffusion MRI or diffusion tensor imaging (DTI) is sensitive to
grey and white matter (GM and WM) microstructural alterations, and can detail the
distribution and orientation of nerve fibres and myelin using water diffusion (Martinez-

Heras et al., 2021; Tournier, 2019). And proton magnetic resonance spectroscopy ('H-



MRS) can detect metabolic and chemical changes in brain regions (Bertholdo et al., 2013;
Novotny et al., 1998). There is little doubt that MRI is one of the most versatile neu-
roimaging tools preferred by clinicians and researchers alike. It is utilised to understand
paediatric brain development, specifically in terms of GM reductions from cellular prun-
ing and WM increases from myelination and connectivity that typically occur in the first
2 decades of life, namely: childhood, adolescence, and early adulthood. These MRI mo-
dalities are also increasingly used to find neural correlates of cognitive processes—the
brain structures whose functional activity, interconnections, chemistry, and metabolic
activity may explain variations in mental processes such as attention, working memory,
and general intelligence that are impacted by diseases such as perinatal HIV, and envi-
ronmental factors, for example, household SES.

However, MRI neuroimaging remains expensive and less accessible to children from low-
SES backgrounds (Geethanath & Vaughan, 2019). Clinically, children presenting with
severe symptoms from gross neurological disorders, for example, traumatic brain injury
and tumours, would likely be able to obtain an MRI scan at a public hospital in South
Africa. However, large-cohort research studies using more advanced imaging can detect
more subtle metabolic or microstructural brain alterations from diseases such as HIV.
But these research studies do not currently provide information that is useful to the
individual, e.g., diagnosis for developmental disorders like ADHD. Therefore, to be of
most benefit, MRI neuroimaging should provide information not readily available
through less expensive means. In general, such information may include understanding
biomarkers of cognitive impairment, the developmental course of cognitive plasticity,

and how to modulate brain networks associated with cognitive function.

Cognitive assessment batteries, scales, or neuropsychological testing

Relative to neuroimaging, cognitive assessment tests are easier to administer, and remain
the most accessible and widely used means for evaluation of typical development and

diagnosis of paediatric cognitive disorders for children in low to middle-income countries.
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The tests are designed to index mental functions that are required for success in educa-
tional attainment and goal achievement in life, and are therefore, more closely related
to life outcomes than neuroimaging measures. Various tests assessing aspects of cognitive
development exist. For example, Beery-Buktenica developmental test of visual-motor
integrations is a non-verbal assessment of the extent to which individuals can integrate
their visual and motor abilities (Beery & Beery, 2004). Test of variables of attention is
a diagnostic measure of attention deficits in children (Leark et al., 2004). Purdue peg-
board test is a measurement of unimanual and bimanual finger and hand dexterity
(Spreen & Strauss, 2006). Peabody picture vocabulary test is an untimed test of receptive
vocabulary (Dunn & Dunn, 2007). And the Kaufman assessment battery for children
with subtests for general knowledge, memory, reasoning, and others, is a measure of
overall cognitive development for children aged 3 to 18 years (Kaufman & Kaufman,
2014).

There are, however, several limitations of paediatric cognitive assessment testing. For
example, the tests have been shown to have poor sensitivity and specificity to learning
disability or ADHD (Fletcher & Miciak, 2017). Some tests can be failed due to linguistic
and cultural differences of children from different backgrounds and regions than those of
which the normative data is based (Howieson, 2019), and an incorrect administration
and scoring is likely to skew results (Ellingsen, 2016). Moreover, since these tests assess
the central nervous system indirectly via behaviour and language acquisition, they can-
not provide the neurobiological basis of cognitive deficits or normal cognitive processes.
As such, using these cognitive assessment batteries alone can possibly make interpreta-
tions and interventions unclear. Neuroimaging may be a reliable complement to cognitive

testing.

Machine learning algorithms

Multimodal MRI neuroimaging and cognitive assessment data can be high dimensional

in nature. The data often consist of many predictors, such as multiple brain measures



and test scores, in addition to a limited number of observations from people who have
been scanned and cognitively assessed. The high dimensionality of the data can present
challenges for analysis; however, machine learning (ML) techniques can be used to iden-
tify patterns and relationships in the data. An ML model is any algorithm that takes a
known set of input data and known responses to the data, learns information directly
from the data without relying on a predetermined equation, then generates reasonable
predictions for the response to new/unseen data. There are many ML techniques, some
of which have been applied to understand brain development across all ages. ML tech-
niques are broadly categorised into four main paradigms: supervised, unsupervised, semi-
supervised, and reinforcement learning (Vu et al., 2018). In supervised learning, the
algorithm is trained using labelled data, i.e., input-output pairs that make it easier to
predict outcomes for unseen data. For example, an fMRI study may use a supervised
learning classifier to diagnose autism spectrum disorder (Santana et al., 2022). But for
unsupervised learners, the data is unlabelled, and the algorithm tries to find hidden
patterns in the input data without any explicit guidance on the output. An example
would be tumour identification and tissue segmentation (annotation) in MRI images
using an unsupervised learning method with a clustering approach (Vishnuvarthanan et
al., 2016). Semi-supervised learners are hybrid algorithms that use both labelled and
unlabelled data. For example, segmentation of large number of three-dimensional brain
images by first labelling a relatively small number of images and leveraging co-registra-
tion and supervised learning to attach “pseudo” labels to images that were originally
unlabelled (Ito et al., 2019). Lastly, reinforcement learning is an extension of supervised
learning, where the algorithm is trained to make decisions through a dynamic trial-and-
error process to maximise a desired outcome. Instead of creating an input-output pair,
a “scoring function” is created to tell the algorithm how good its previous outcome was,
and subsequent iterations the algorithm maximises the outcome (Vu et al., 2018). This

type of learning is common in the field of gaming (e.g., AlphaZero models trained to



play chess and go), natural language processing, robotics, and computer vision (Fan et
al., 2023).

Each paradigm has known models or algorithms to solve complex problems, e.g., dimen-
sionality reduction, classification, regression, and clustering of high-dimensional multi-
modal MRI and multidomain cognitive data. These sub-algorithms include classifiers
and regression models such as support vector machines, decision trees, k-nearest neigh-
bour algorithm, naive bayes algorithm, and logistic regression used to predict a response
that is continuous or belongs to a set of categories. Lastly, ML algorithms offer trade-
offs between predictive performance and their ability to produce interpretable and ex-
plainable predictions (Linardatos et al., 2020). Interpretable techniques reveal how the
ML model makes predictions by uncovering how various features contribute, or do not
contribute, to the predictive accuracy. As such, the choice of ML algorithm depends on
the data at hand and the specific outcomes, e.g., feature selection; therefore, it can be

challenging to generalise for all data types.

Supervised learning and predictive modelling for cognitive development

Nevertheless, there has been a growing interest in recent years to use supervised ML
modelling to solve complex problems in neuroscience, such as to understand the rela-
tionship between early brain structural development and cognitive functioning
(Scheinost et al., 2022). For example, support vector machines have been used to predict
categories of neurodevelopmental outcomes at age 2 years (Ouyang et al., 2020); random
forest regression has been used to predict future executive function of children aged 5 to
14 years (Khundrakpam et al., 2022); and multi-task multi-linear regression has been
used to predict future language scales of infants (Adeli et al., 2019). All these applica-
tions of ML on neuroimaging data have demonstrated the possibility to predict current

and future cognition of healthy children.



The relative efficacy of different ML algorithms for different types of multimodal neu-
roimaging and multi-domain cognitive assessment data in predicting cognitive perfor-
mance of children has not been thoroughly investigated. Moreover, there are no studies
investigating the prediction of cognitive performance of school-aged children from low-
SES backgrounds or in populations from Africa comprising children living with condi-

tions such as HIV.

1.2 Research aims

Against this background, there are areas of research in the literature that remain unex-
plored. In this study, we aimed to predict cognitive performance of children from low-
SES backgrounds disproportionately affected with HIV using multimodal MRI neuroim-
aging. The cognitive outcomes we sought to predict covered the crucial domains of at-
tention, processing speed, short-term memory, working memory, verbal memory, execu-
tive function, problem solving, visual perception, language, motor coordination, visual-
motor integration, and general intellectual functioning. These cognitive domains have
been shown to share a bidirectional link with children’s academic skills or achievements
(Lovden et al., 2020; Peng & Kievit, 2020).

The brain measures we used as predictors were derived from a multimodal MRI combi-
nation of in vivo sMRI volumes, thickness, curvature, area, and gyrification; DTI frac-
tional anisotropy, axial, radial, and mean diffusivities; as well as 'H-MRS concentrations
of choline, creatine, N-acetylaspartate, and other metabolites obtained from a voxel in
the midfrontal gray matter region. /n vivo structural, functional, and diffusion MRI have
been demonstrated to be useful metrics for understanding human intelligence or overall
cognitive performance in cognitively normal subjects (Vieira et al., 2022).

We further aimed to test the ability of support vector machines/regression, decision tree
ensembles, and penalised linear models to predict cognitive performance at the same age
as well as 2 years subsequently. ML predictive modelling is a powerful tool that may

help overcome the limitations of cognitive testing and multimodal neuroimaging when
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each is used alone. In other words, ML algorithms allow interactions and commonalities

between multimodal MRI predictors and cognitive scores to be accounted for.

1.3 Research questions and outline of the thesis

In Chapter 2, we present a systematic literature review to answer whether neuroimaging
alterations in cohorts of children, adolescents, and youth including individuals living
with HIV are associated socioeconomic status and/or with cognitive deficits measured
using cognitive testing. We also investigate which cognitive domains may be assessed
using neuroimaging, and which neuroimaging modalities or measures are most indicative

of cognitive performance.

In Chapter 3, we compare the regression and classification performances of support vec-
tor machines, penalised linear models, and decision tree ensembles in predicting cognitive
scores of T-year-old children from low-SES disproportionately affected with HIV using
multimodal neuroimaging at the same age. We ask whether multimodal neuroimaging is
(a) accurate in predicting cognitive scores and (b) accurate at predicting categories of
cognitive performance of children, and (c) if there is a subset of neuroimaging measures

that can predict cognitive performance in children.

In Chapter 4, we investigate the possibility of predicting cognitive performance at age 9
using neuroimaging or cognitive data from age 7 of these cohort of children. We ask
whether multimodal MRI neuroimaging is better than cognitive scores at predicting
subsequent cognitive performance. Finally, we determine whether using current and his-
toric multimodal MRI neuroimaging (at 2 timepoints) improves prediction of cognitive

performance.

Lastly, Chapter 5 synthesises and discusses the significance of the overall results, ex-
plains the limitations of the study, offers recommendations for future research, then

summarises and concludes the work.
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2

Associations between neuroimaging measures and cognitive
performance in children, adolescents, and youth living with

HIV—a systematic review

Chapter 2:

e Are neuroimaging alterations in cohorts of children, adolescents, and
youth living with HIV associated with/indicative of cognitive deficits
measured using neuropsychological testing?

e Are the brain-cognition relationships influenced by socioeconomic status?

e  Which cognitive domains may be assessed using neuroimaging?

e Which neuroimaging modalities or measures are most indicative of cogni-

tive performance?

Abstract

Neurodevelopmental delays and neuroimaging abnormalities continue to be found in
children (0-14 years), adolescents (15-18 years), and youth (19-26 years) living with
HIV despite the administration of effective combination antiretroviral therapy (cART)
in the last two decades. However, there are no clear criteria for the diagnosis of HIV-
related cognitive impairment in children and adolescents (0-18 years) as there are for
HIV-associated cognitive disorders (HAND) in youth and adults (>18 years). Neuroim-
aging could be a useful tool for assessing the extent of HIV-related effects on the brain,
however, it is not clear how subtle deficits seen on neuroimaging may be related to
cognitive performance or impairments in children, adolescents and youth. We therefore
aimed to investigate what is known about the relationship between cognitive outcomes
assessed by cognitive testing and brain changes measured with neuroimaging.

We searched the electronic databases PubMed/Medline, Scopus, Web of Science (WoS

core collection), and via EBSCOhost CINAHL, APA Psych Info & Psych Articles, and
11



Academic Search Premier for studies published between 1 January 2006 and 18 March
2024, and conducted the review according to the PRISMA 2020 27-item checklist. The
protocol is registered in PROSPERO under the number: CRD42021284780. Two review-
ers identified studies that investigated a relationship between neuroimaging brain
measures and cognitive test scores and included a population of children and/or youth
with HIV aged between 0 and 26 years.

After screening 526 full-text articles, we identified 33 eligible studies. The most used
neuroimaging modalities were structural magnetic resonance imaging (sMRI) and diffu-
sion tensor imaging (DTI); the cognitive domains widely assessed were attention, exec-
utive function, and general intellectual functioning. Meta-analyses were not performed
due to considerable heterogeneity in methodology of the studies. Methodological limita-
tions of the studies were cross-sectional analysis (91%), small sample sizes (82% had less
than 80 subjects overall), and lack of quantitative neuroimaging assessment in a small
subset (9%). In 97% of the studies, the population living with HIV acquired it perinatally.
Evidence suggests that perinatal HIV in children, adolescents, and youth may lead to
alterations in regional and total brain volumes and diffusivity measures in various white
matter tracts, and that these changes are linked to poorer outcomes in short-term
memory, processing speed, working memory, problem solving, and general intelligence
quotients. While the studies mainly considered sMRI and DTI measures, other modali-
ties such as perfusion MRI and functional MRI remain rarely assessed. Furthermore,
these modalities were analysed separately, while multimodal neuroimaging analyses have
the potential to enhance the understanding of the neural mechanisms and networks
underlying cognitive performance in this population of young people. In conclusion, neu-
roimaging shows the potential of understanding cognitive performance in children, ado-

lescents, and youth living with and without HIV.
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2.1 Introduction

Perinatally-acquired HIV with its neurotropic properties continues to pose a major threat
to typical brain development of infected children, adolescents, and youth in the combi-
nation antiretroviral therapy (cART) era. This has led to scaled up interventions tar-
geting HIV prevention and care, disclosure, ART adherence, cognitive and academic
function, and psychosocial health in sub-Saharan Africa where the burden of HIV is
greatest (Muheriwa Matemba et al., 2021; Nalwanga & Musiime, 2022). There is evi-
dence that children and adolescents living with HIV have impairments in selective de-
velopmental or cognitive domains of hearing (Ensink & Kuper, 2017), working memory,
processing speed and executive function (Phillips et al., 2016; Rowe et al., 2021), as well
as learning and semantic fluency (Musindo et al., 2022). These systematic reviews and
meta-analyses also show that the extent, severity, and prevalence of cognitive impair-
ment in children and adolescents with HIV may vary depending on the definitions used
and the populations studied. Possible reasons are (1) the overreliance on cognitive testing
with limited cross-cultural validity in low-resource settings, (2) possible milder forms of
HIV-associated neurological impairments in children and adolescents since the introduc-
tion of cART, and (3) no HIV-associated cognitive impairment screening and staging
criteria for paediatric HIV like the Frascati criteria for diagnosing HIV-associated cog-
nitive disorders (HAND) in adult HIV.

The goal of screening and early diagnosis of HAND is to minimise the progression of
asymptomatic neurological impairment (initial infection stage) and mild cognitive disor-
der (the progression stage) to HIV-associated dementia, the late stage involving severe
memory loss and deficits in problem-solving and language—also the point at which there
is a lower chance of complete recovery (Vastag et al., 2022). The Frascati criteria, which
have been useful toward this goal, require cognitive testing in at least 5 cognitive do-
mains. However, because they have a high false-positive rate for milder forms of HAND,

there has been a need to revise these diagnostic criteria to make them more relevant for
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diverse global populations (Meyer, 2022). Attempts have been made to validate the
criteria in children and adolescents and create a spectrum of HIV-associated cognitive
impairment, most notably a study by Hoare and colleagues (2014), which found a false-
positive rate in paediatric HIV (ages 0-18 years) comparable to that observed in adults.
Surprisingly, children and adolescents with a clinical diagnosis of HIV encephalopathy
were found not to have impairment according to the Frascati criteria. Since HIV enceph-
alopathy is an important part of the spectrum of cognitive dysfunction in children and
adolescents, this presents a problem with using the criteria in paediatric HIV. Therefore,
more investigations are needed on methods and criteria to detect and define the spectrum
of cognitive disorders in children and adolescents to better support cognitive interven-
tions in sub-Saharan Africa.

Neuroimaging is one method likely to play a role in this endeavour, beyond its traditional
clinical use for identifying cerebral atrophy, basal ganglia calcification, and HIV-associ-
ated encephalopathy, as well as excluding secondary central nervous system (CNS) com-
plications such as tumours in young people with HIV (Hoare et al., 2014). Recently,
neuroimaging has been utilised extensively in the characterization of HIV neuropatho-
genesis and in longitudinal assessments, showing that the impact on the CNS of early
HIV disease progression persists into adolescence and young adulthood; but developmen-
tal trajectories in adolescence seem mostly stable (Nichols, 2022). While various paedi-
atric neuroimaging cohort studies continue to report alterations in cortical and subcor-
tical brain structure (Nwosu et al., 2021; Wade et al., 2019), white matter integrity
(Ackermann et al., 2019; Jankiewicz et al., 2017), functional connectivity (Yadav et al.,
2018), and neurometabolite concentrations (Mbugua et al., 2016; Robertson et al., 2018)
in paediatric HIV, it remains unclear how these changes translate to neurodevelopmental
outcomes such as motor speed and coordination, psychomotor integration, language pro-

cessing, visual-spatial processing, socio-personal abilities, executive function, and general
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intellectual functioning as well as how these changes can be used to establish a spectrum
of cognitive disorders in children and adolescents.

For neuroimaging to be useful as an auxiliary tool for staging or screening for cognitive
deficits in children and adolescents, a clearer link needs to be established between neu-
roimaging findings and cognitive performance in children. As far as we know, the last
narrative and systematic reviews to provide an overview of brain structure and function
of children and young adults with perinatally-acquired HIV were Nichols (2022) and van
den Hof et al. (2019) respectively. Neuroimaging evidence focused primarily on children
and adolescents living with HIV was last reviewed by Musielak and Fine (2016) as an
update to Hoare et al. (2014). Hoare and colleagues (2014) also aimed to find associations
between neuroimaging and cognitive performance but concluded that we have an incom-
plete understanding of the relationship between cognitive impairment and HIV-related
CNS damage as seen by neuroimaging. There has been substantial research conducted
in paediatric HIV since 2014, warranting a review of cognitive deficits in children and
adolescents and their associations with neuroimaging findings. We thus decided to ex-
amine the existing evidence on cognitive outcomes in children and adolescents living
with HIV in the cART era and their association with underlying neuroimaging changes.
Notably, the youth age group (19-26 years) sometimes coincides with late adolescence
(18-21 years) in paediatric HIV or young adulthood (2226 years) in adult HIV research.
Given that this is a period of continued brain development (Mills et al., 2021), where
young individuals are transitioning out of child or adolescent-focused systems into adult-
focused ones, we included studies comprising peoples aged between 19 and 26 years.
The purpose of this review is to answer the following questions: (i) Are neuroimaging
alterations in children, adolescents, and youth with HIV associated with cognitive defi-
cits measured using cognitive testing? (ii) Are the brain-cognition relationships influ-
enced by socioeconomic status? (iii) Which cognitive domains may be assessed using

neuroimaging in this population of young people? (iv) Which neuroimaging modalities
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or measures are most indicative of cognitive performance in children, adolescents, and

youth living with HIV?

16



2.2 Material and methods

We followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines, which consists of an evidence-based minimum checklist of 27 items
(Page et al., 2021). This systematic review has been registered in the international pro-
spective register of systematic reviews (PROSPERO) under the registration number:

CRD42021284780.

Search strategy

We utilised the electronic databases PubMed/Medline, Scopus, Web of Science, and via
EBSCOhost—CINAHL, APA Psych Info, APA Psych Articles, and Academic Search
Premier to search for published journal articles. The following words, abbreviations,
phrases as text words and MeSH terms were used as an advanced Boolean search string
with the appropriate formatting for each database:

[“HIV” or “human immunodeficiency virus” or “AIDS” or “acquired immunodeficiency
syndrome”] AND [“neuroimaging” or “brain imaging” or “magnetic resonance imaging”
or “MRI” or “CT” or “computerized tomography” or “PET” or “positron emission to-
mography” or “EEG” or “electroencephalogram” or “DTI” or “diffusion tensor imaging”
or “magnetic resonance spectroscopy” or “MRS” or “tMRI” or “functional MRI” or
“single-photon emission computerized tomography” or “SPECT” or “PET-CT” or “TMS”
or “Transcranial Magnetic Stimulation”] AND [“children” or “pediatric” or “adolescent”
or “youth”] AND [“cognitive” or “neurocognitive” or “neuropsychological” or “neurode-
velopmental” or “neurobehavioral” or “KABC” or “PPT” or “PPVT” or “semantic flu-
ency” or “RAKIT” or “Beery-VMI” or “WISC” or “WAIS” or “MoCA” or “GMDS”]
AND [“association” or “correlation” or “link” or “relationship” or “connection”]

This query indexed studies that explored associations between neuroimaging modalities
and cognitive outcomes of children, adolescents, or youth living with HIV and included

all the possible combinations of these keywords in the title, abstract, or main text. We
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wanted to ensure that the studies were conducted in the cART era in which antiretro-
virals were widely accessible especially to developing countries (Forsythe et al., 2019),
therefore the date limit was years 2006 to present. The databases were last accessed on

18 March 2024.

FEligibility criteria

The inclusion criteria were as follows: the study included a population of children, ado-
lescents, or youth living with HIV, and there was an investigation of the relationship
between neuroimaging brain measures and cognitive test scores. We excluded studies
that (1) did not include participants with HIV, (2) were conducted primarily in adults
or the sample’s mean age was greater than 26 years, (3) reported neuroimaging and
cognitive outcomes separately without investigating their associations, and (4) reviews,
editorials, conference proceedings, case reports, book chapters, or protocols for prospec-
tive trials.

There were no explicit exclusion criteria based on language of publication, whether the
children were on antiretroviral treatment, or how the cohort was infected (i.e., vertical
or horizontal transmission), text availability online, study design (e.g., cohort, cross-

sectional, or longitudinal), or the socioeconomic status of the studied cohort.

Data extraction and quality assessment

We imported all the records into Rayyan (Ouzzani et al., 2016) systematic review web
application tool, removed duplicates, and conducted the screening process. Two investi-
gators (ILK & FCR) systematically assessed the titles, abstracts, and full texts of the
indexed journal articles against the inclusion and exclusion criteria. Disagreements or
ambiguities were resolved in consultation with another investigator (EMM).

For each eligible study, the investigators extracted (a) administrative data: author, year
of publication, title, location of study/country of research, cohort name, and study design;
(b) sample characteristics: total size, number of participants with HIV and controls, age

range/mean age of the sample, HIV transmission route, and cART details; (c)
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neuroimaging information: modalities and brain regions of interest; (d) cognitive testing
information: cognitive test batteries or tests used and cognitive domains assessed; (e)
general methodology: description of inclusion/exclusion criteria, ethical approval, fund-
ing sources, declaration of potential conflicts of interest, strengths, and limitations; (f)
outcome data: statistical technique implemented, association findings, p-values, strength
of correlation r, or regression coefficients B. Additionally, we used the Quadas-2 criteria

to evaluate the methodological quality of the studies and identify potential risks of bias.

Synthesis

We did not perform meta-analyses due to the heterogeneity of neuroimaging modalities,
cognitive assessment batteries, and types of statistical analyses employed. To prepare
the data for a narrative synthesis, we tabulated administrative data and sample charac-
teristics, neuroimaging modalities and cognitive test batteries, the strengths, and limi-
tations of each study as well as quality assessment scores, and associations findings for

each study grouped by cognitive domains.
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2.3 Results
2.3.1.Eligibility, administrative data, and critical appraisal
FEligible studies identified during systematic search

Database search: n = 526 results

Step 1 . Pubmed/Medline Scopus Web of Science EBSCOhost
(n=212) (n=62) (n=177) (n=75)
T I T

IDENTIFICATION

R R R I I R R R I I I I A S R I R

Records automatically excluded

- Records pre-
Step 2' screened Duplicates (n = 163)
(n=526)
PRE-SCREENING

R R R I DI I R R I I I I R I A S R IR R R

Records excluded (n = 330)

b

Step 3: Records 1. Not an HIV study (n = 146)
screensd 2. Adult population (n = 1)
SCREENING (n=363) 3. Reviews (n = 35)

4. No associations between imaging and cognitive
tests (n =28)

5. No imaging (n = 22)

6. No cognitive testing (n = &)

7. Not a human study (n = 6)

2. Imaging only (n=5)

9. Other study design e.g. case reporis, editorials,
conference proceedings, efc (n=19)

R R R I D R R R R R I I IR A R R

A 4

Step 4: Eligible records

(n=33)

Records meeting criteria/quality

assessment (n = 33)

ELIGIBILITY

Records included
in the review
(n=233)

Figure 2.1| PRISMA flow diagram documenting the selection process by which we ar-
rived at the final sample of studies that met the eligibility criteria.
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We identified 526 studies during the initial database searches (Figure 2.1) and screened
363 studies after duplicates were automatically removed by the Rayyan software. One
hundred and forty-six studies were removed for not studying children, adolescents, and
youth living with HIV. An additional 61 studies were rejected because the cohort under
study consisted primarily of adults—had a mean age > 26 years. Thirteen studies were
excluded due to no cognitive assessment findings being presented. These were predomi-
nantly neuroimaging studies, where the associations were with clinical variables. Simi-
larly, we rejected 22 studies investigating only cognitive assessment without neuroimag-
ing.

There were 28 removed studies that had both neuroimaging and cognitive assessment,
however no associations between them were reported. Furthermore, we excluded 35 re-
views, and 6 studies in non-human subjects. Lastly, we excluded 19 reports with formats
that did not meet the inclusion criteria: these included book chapters, conference pro-
ceedings, case reports, editorials, and protocols for prospective randomised trials.

At the end of the selection process, thirty-three (n = 33) studies were eligible for inclu-
sion (Ackermann et al., 2014; Ackermann et al., 2020; Andronikou et al., 2014; Ashby
et al., 2015; Blokhuis et al., 2017; Caceres et al., 2024; Cohen et al., 2016; Dean et al.,
2020; Gabis et al., 2006; Heany et al., 2020; Herting et al., 2015; Hoare et al., 2021;
Hoare et al., 2015; Hoare et al., 2012; Hoare et al., 2019; Lewis-de los Angeles et al.,
2017; Li et al., 2021; Martin Bejarano-Garcia et al., 2021; Nagarajan et al., 2012; Nozyce
et al., 2006; R. Paul et al., 2018; Sarma et al., 2021; Schneider et al., 2020; Uban et al.,
2015; van Dalen et al., 2016; van den Hof et al., 2021; van Genderen et al., 2022; van
Genderen et al., 2021; Wang et al., 2018; Yadav et al., 2017; Yadav et al., 2018; Yadav

et al., 2020; Yu et al., 2019).
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Administrative data, sample characteristics, and study design

We summarise the administrative data: short details of the studies, sample characteris-
tics, and HIV transmission information of the infected children, adolescents, and youth
in each study in Table 1. Ten studies (30%) were conducted in Africa (the majority in
South Africa, n = 8, the remainder in Zambia), 8 (24%) in North America (USA), 7
(21%) in Asia, and 8 (24%) in Europe (Netherlands n = 6, England n = 1, Spain = 1).
Seventeen studies (52%) described the socioeconomic status (SES) within which the
cohorts lived, and it was usually assessed by looking at annual household income and
parental education levels. The 17 studies described the cohort in their studies either as
residing in low-SES households or their SES being lower than that of the general popu-
lation. Some of the studies included well-characterised cohorts, namely: the neurological,
cognitive, and visual performance in perinatally HIV-infected children cohort (NOVICE;,
n = 6), Cape Town adolescent antiretroviral cohort (CTAAC, n = 3), children on early
antiretroviral therapy (CHER) trial (n = 3), adolescent master protocol (AMP) of the
paediatric HIV/AIDS cohort study (PHACS, n = 3), and the paediatric randomized
early versus deferred initiation in Cambodia and Thailand cohort (PREDICT, n = 1).
Considering the mean age of the studied participants in each study, there were in total
20 (61%) studies in children (0-14 years), 10 (30%) in adolescents (15-18 years), and 3
(9%) in youth (19-26 years). Therefore, most of the eligible studies (91%) we found were
conducted in children and adolescents. For the 3 studies in youth, one study included
some participants aged between 26 and 30 years but had an overall mean age of 23 years
(Sarma et al., 2021). The other 2 studies by Ashby et al. (2015) and Martin Bejarano-
Garcia et al. (2021) had mean ages of 19.0 and 19.6 years, respectively, and included
participants in their late adolescence. Ackermann et al. (2014) and Andronikou and
colleagues (2014) studied the youngest population, aged less than 4 years.

Many of the studies (91%) were of cross-sectional design, except for 3 (9%) which were

longitudinal (Dean et al., 2020; van den Hof et al., 2021; Yu et al., 2019). Most of the
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studies (82%) had relatively small sample sizes, i.e., less than 80 subjects overall, the
lowest number of subjects being n = 8 (Gabis et al., 2006) and largest n = 374 (Lewis-
de los Angeles et al., 2017). However, since 76% of the studies included both children
with HIV and controls or children living without HIV, large sample sizes were mostly
due to a large sample of the control children. The 8 studies (24%) that included no
controls were Nozyce et al. (2006), Gabis et al. (2006), Ackermann et al. (2014),
Andronikou et al. (2014), Uban et al. (2015), Herting et al. (2015), Hoare et al. (2015),
and Hoare et al. (2019). The largest number of children and adolescents living with HIV
studied were by Nozyce et al. (2006) (n = 274), followed by Hoare and colleagues (2019)
(n = 125), the other studies had HIV sample sizes less than 65.

The HIV population in 97% of the studies (32 out of 33 articles) acquired HIV perinatally,
i.e., via vertical transmission. Nagarajan et al. (2012) had one out of 16 adolescents living
with HIV horizontally infected, specified to be via blood transfusion at age 1. Therefore,
the studied HIV populations generally lived with HIV from infancy.

Furthermore, with one exception, the sample populations were either all on cART or
more than 71% of participants were on cART. One study specifically investigated out-
comes of ART-naive children (Hoare et al., 2012). The study samples had varying treat-
ment regimens, the most common being a combination of thymidine, zidovudine or
stavudine with cytidine, and efavirenz or nevirapine. In sixty-seven percent (n = 22) of
the studies, the children were on cART or ART, but the drugs/regimen were not speci-

fied by the researchers.
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Table 2.1] Administrative data of the studies, showing the location where the research was conducted and the study population lives, a short description of the articles, cohort name, study

design, age range of the cohort, sample size, and the ART treatment regimen for the HIV sample.

Vertical
Country . Lo Low SES* com- Study Age range . % ART Treated (regi-
. Study Title/short description . Cohort name . Sample size HIV trans-
/Location munity? design* (mean age*) . men)
mission
A diffusion tensor imaging and
neurocognitive study of HIV- 24 i .
Hoare et al. - —12 ART
e e e ositive children who are Yes NOT SPECIFIED % ; 12 HIV, 12 Yes 0% (studied ART naive
(2012) P tional (10.4) ’ hildren)
sectiona . children
HAART-naive “slow progres- Controls)
sors”
100% (lopinavir-rit i
Ack ¢ al White matter signal abnormali- o 05 22 ) % ( ZI_)maVHdH %navu",
‘kermann et al. 0Ss- — a e, a ovu-
crermant et a ties in children with suspected Yes CHER r' (22 HIV, 0 Yes I.anll e .n Z.l i
(2014) L sectional (2.6) dine; one child didano-
HIV-related neurologic disease Controls) ine)
sine
Correlating brain volume and
Andronikou et al callosal thickness with clinical Cross 04 33 100% (variable regimens
ndronikou et al. ross- — vari regimen
and laboratory indicators of Yes CHER ) (33 HIV, 0 Yes 0 ) g ’
(2014) ) L _ sectional (2.5) details not specified)
disease severity in children with Controls)
HIV
Clinical iati f whit
Sonth Afri . ImE? aZSOCIa ons Z;{VTI ¢ . s 50 100% (SA standard child
ou rica oare et al. matter damage in c - ross- —
g_ ) . Yes NOT SPECIFIED ) (50 HIV, 0 Yes regimen: Abacavir, lamiv-
(Cape Town, (2015) treated HIV-positive children in sectional (9.6) _ ,
Western C South Afri Controls) udine, and efavirenz)
estern Cape ou rica
province) I ¢ al Initiation of antiretroviral ther- Cross 911 125 100% (personalised ART
oare et al. ross- —
(2019) apy after the critical neuronal Yes CTAAC tional (10.5) (125 HIV, 0 Yes programme, drugs not
sectiona .
developmental period controls) specified)
DTT points to ongoing func- o .
100% (1 -1it
Ack ¢ al tional impairment in HIV-in- C 5 g 49 ) % ( ZPIH&VH drl %naV1r7
“kermann et al. 0ss- — a e, a ovu-
CRETAL b A fected children at age 5, unde- Yes CHER r' i (38 HIV, 11 Yes @1vu e .n Z,l i
(2020) ) sectional (5.4) dine; one child didano-
tectable using standard neuro- Controls) ine)
sine
developmental assessments m
q ¢ al Neural correlates of mainte- o 913 84 100% (personalised ART
eany et al. ross- —
(2320) nance working memory, as well Yes CTAAC tional (10.4) (64 HIV, 20 Yes programmes, drugs not
sectiona .
as relevant structural qualities Controls) specified)
Alcohol use is associated with
H Cal mental health problems & c 113 78 100% (personalised ART
are et al. 0Ss- —
¢ (121(()2(1) ' brain structural alterations in Yes CTAAC i | (12.5) (52 HIV, Yes programmes, drugs not
adolescents with perinatally ac- sectiona . 26 Controls) specified)
quired HIV infection on ART
Brain MRI Findings Associated
with Cognitive Impairment in 51
Dean et al. Longitu- 8—17 100 i t i-
e(;lz);o) ! Children and Adolescents with Yes HANDZ Zr,lgl l“ 155) (34 HIV, 17 Yes % (reglﬁle:;)s Hob speat
Zambia Human Immunodeficiency Vi- e ' Controls) 1
(Lusaka) rus in Zambia
Cerebrovascular disease in chil- 51
Schneider et al. Cross- 8—17 100 i t i-
cmacer et d dren perinatally infected with Yes HANDZ r?ss (34 HIV, 17 Yes % (regmflens HO spedt
(2020) _ ) sectional (13.5) fied)
HIV in Zambia Controls)
Nogvee et al A Behavioral and Cognitive c i 274 100% (ARV not cART,
()Z(Zg(bg) o Profile of Clinically Stable ~ NOT SPECIFIED PACTG ?’SS' | 2 (274 HIV, 0 Yes cither zidovudine or
sectiona :
HIV-Infected Children Controls) lamivudine)
Clinical and imaging study of o
100 fied only that
Gabis ot al human immunodeficiency virus- o 1016 8 L % (-spec1 e Orl yd ?2
abis et al. 0ss- — e regimen consisted o
et A l-infected youth receiving ~ NOT SPECIFIED ~ NOT SPECIFIED e (8 HIV, 0 Yes FEBIINEL COUSY
(2006) ) ) ) ) sectional (11.6) to 3 drugs from more than
highly active antiretroviral Controls) )
th 2 ART categories)
erapy
United States of All except 1,
America Neuropsychological function 30 infected via
Nagarajan et al. Cross- 13—25 100% (d t ified
(Illinois & Cali- | oo e and cerebral metabolitesin ~~ NOT SPECIFIED ~ NOT SPECIFIED ross (16 HIV, 14  blood trans- 7 (drugs not specified,
_ (2012) _ sectional (17.0) , 25% before age 1)
fornia) HIV-infected youth Controls) fusion at age
1
Default Mode Connectivity in 31
Herting et al. Cross- 11—21 100 iable, d t
crims et A Youth with Perinatally Ac-  NOT SPECIFIED AMP ross (31 HIV, 0 Yes % (variable, drugs no
(2015) _ sectional (16.5) specified)
quired HIV Controls)
White matter microstructure 31
Uban et al. among youth with perinatally NOT SPECIFIED AMP Cross- 11—21 (31 HIV, 0 Yes 100% (variable, drugs not
(2015) acquired HIV is associated with sectional (16.5) Cont 1’) specified)
ontrols

disease severity
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--Table 2.1 continued--

Lower Total and Regional Grey
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Cross- 16—25 100 iable, d i
Spain (Madrid) jarano et al. perinatally HIV-infected young NOT SPECIFIED CoRISpe r9ss (10 HIV, 10 Yes % (var1a. ?7 e e
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van Genderen ~ © o 000C FrOW L TEHNAtaly Cross- 8—18 ! 95% (regimens not speci-
¢ al (2021 HIV Infected Adolescents as Yes NOVICE sectional (17.4) (35 HIV, 37 Yes fied)
ion . i
el ) Compared to Matched Healthy Controls)
Controls
Brain Differences in Adoles-
ts Living With Perinatall 73
van Genderen cett b g Wi eria a.y Cross- 8—18 91% (regimens not speci-
¢ al (2022 Acquired HIV Compared With Yes NOVICE tional (14.9) (35 HIV, 38 Yes fied)
- a sectiona . ie
et al. ( ) Adoption Status Matched Con- Controls)
trols
Asymptomatic HIV Vertical 35
Wang et al. Transrrilitted Adolescents' Brain NOT SPECIFIED  NOT SPECIFIED Cr?ss— 12—18 (13 HIV, 22 Yes 100% (regirrllens not speci-
(2018) Functional Changes: Based on sectional (15.1) Controls) fied)
ntr
Chi rs-fMRI
ina
. Neuroanatomical Changes Un- . 41
(Wuhan, Hubei ) ) i Longitu- 11—17 .
, Yu et al. (2019)  derlying Vertical HIV Infection =~ NOT SPECIFIED  NOT SPECIFIED : (16 HIV, 25 Yes 100% (drugs not specified)
province) ) dinal (13.6)
in Adolescents Controls)
Study of Brain Structure in o 1918 55 100% (regi " )
ross- — regimens not speci-
Liet al. (2021)  HIV Vertically Infected Adoles- NOT SPECIFIED  NOT SPECIFIED _ (25 HIV, 33 Yes oL : P
sectional (15.0) fied)
cents Controls)
Altered structural brain 66
Yadav et al. o Cross- 8—15 .
(2017) changes and neurocognitive NOT SPECIFIED NOT SPECIFIED I (10.2) (34 HIV, 32 Yes 100% (drugs not specified)
sectiona .
performance in pediatric HIV Controls)
Ch 5 1 sting-state func-
, ANees %n res.uTg stare unc. 100% (thymidine, zidovu-
Yadav et al tional brain activity are associ- o 619 72 (49 HIV g tovudi L
adav et al. 0ss- — e or sta e
_ av b a ated with waning cognitive ~ NOT SPECIFIED ~ NOT SPECIFIED e \ Yes HIE OF stavadine wi
India & Qatar (2018) o , , sectional (9.3) 23 Controls) cytidine, efavirenz or
functions in HIV-infected chil- o
Nevirapine)
dren
Brain microstructural changes 48
Yadav et al. support cognitive deficits in Cross- 9—13 (22 HIV, 26 100% (regimens not speci-
NOT SPECIFIED  NOT SPECIFIED Y
(2020) HIV uninfected children born sectional (10.0) controls) “ fied)

to HIV infected mothers
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--Table 2.1 continued--

Cerebral function in perinatally 47
England Ashby et al. HIV-infected dults and Cross- 16—25
e Sy b HIECed YOuns aduts Al NOT SPECIFIED HYPNet ross (33 HIV and Yes
(London) (2015) their HIV-uninfected sibling sectional (19.6)
14 Controls)

controls

*Mean age of the participants with HIV. Studies generally included aged-matched controls or participants without HIV.

71% on cART > 6
months (zidovudine,
lamivudine, nevirapine,
efavirenz or lopinavir-ri-

tonavir)

#Based on the type of analysis performed by the specific study. The studied cohort may have been followed at multiple time points, e.g., CHER is a longitudinal cohort study, but studies included in this table involved a

cross-sectional analysis.
+SES—socioeconomic status, quantified by most of the studies using annual household income and maternal educational level
Cohorts:

CHER—Children with HIV Early antiRetroviral randomised trial, CTAAC—Cape Town Adolescent Antiretroviral Cohort, HANDZ—HIV Associated Neurocognitive Disorders in Zambia, PACTG—Pediatric AIDS
Clinical Trials Group, AMP—Adolescent Master Protocol, PING—Pediatric Imaging, Neurocognition & Genetics, NOVICE—Neurological, cOgnitive, and VIsual performance in perinatally HIV-infected ChildrEn, PRE-
DICT—Pediatric Randomized Early vs. Deferred Initiation in Cambodia and Thailand, HYPNet - HIV in Young Persons’ Network, CoRISpe—Cohort of the Spanish Pediatric HIV Network
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Methodological quality of the studies: strengths and limitations

We present strengths and limitations in Table 2.2 as well as the assessment of the risk
of bias in Figure 2. The leading limitations that the authors specify are the relatively
small sample sizes and the cross-sectional analyses of the data. All studies obtained
ethical approval from their institutional regulatory boards. We obtained funding sources
and potential conflicts of interest from all but 2 studies (Gabis et al., 2006; Andronikou
et al., 2014). Three co-authors for van den Hof et al. (2021) declared potential conflicts,
but these were not related to the work presented. We considered the abovementioned
factors (limitations, strengths, reporting, sources of bias) along with other Quadas-2
checklist items during the assessment of quality of each study.

One study did not sufficiently detail inclusion/exclusion criteria of the sample population
(Wang et al., 2018) and another one (Li et al., 2021) did not describe subscales cho-
sen/cognitive domains assessed with the test. These missing details made their risks of
bias, as assessed by Quadas-2 criteria (Figure 2), unclear. One study did not justify the
exclusion of left-handed participants in their investigation (Li et al., 2021).
Furthermore, we identified 3 studies (Nozyce et al., 2006; Ackermann et al., 2014; Schnei-
der et al., 2020) that used qualitative, rather than quantitative neuroimaging assessment.
The scans in these studies were anonymised and reviewed by one or more neuroradiolo-
gists blinded to HIV and cognitive status. The neuroradiologist then identified lesions
(‘lesion load’), calcifications, and anomalies in the images and provided a diagnosis of
cortical atrophy, white matter signal abnormalities, or cerebrovascular disease, respec-
tively. This diagnosis was then associated with cognitive outcomes. Ackermann and col-
leagues (2014) and Nozyce et al. (2006) used only one paediatric neuroradiologist blinded
to the clinical findings at the time of referral, while Schneider et al. (2020) used 2 neu-
roradiologists. Moreover, there was also one study (Herting et al., 2015) where the cog-
nitive outcome (adaptive functioning) was based on a caregiver report rather than direct

assessment.
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Overall, there was a potential risk of bias in the studies that used qualitative rather than
quantitative neuroimaging or cognitive assessment. We had applicability concerns in the
domain of patient selection for the studies that included no controls as these studies did
not avoid inappropriate exclusions. Furthermore, there were 2 studies (Wang et al., 2018;
Li et al., 2021) were the cognitive assessment battery used for the children is commonly
applied in adult populations, so there were applicability concerns in the index test do-

main for these studies. The remaining studies were judged as having low risks of bias.
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Table 2.2| The strengths and limitations, ethical approval, description of inclusion/exclusion criteria, and conflicts of interests for each study.

Country
/Location

Study

Limitations

Strengths

Ethical approval/con-
sent

Description of Inclu-
sion/Exclusion criteria

Conflicts of interest &
source(s) of funding

South Africa

(Cape Town,

Western Cape
province)

Hoare et al. (2012)

Ackermann et al.
(2014)

Andronikou et al.
(2014)

Hoare et al. (2015)

Hoare et al. (2019)

Ackermann et al.
(2020)

Heany et al.
(2020)

Hoare et al. (2021)

Small sample size, cross-
sectional study investiga-
tion

Small sample size, qualita-
tive imaging assessment,
cross-sectional study, 1.5T
magnet
Small sample size, cross-
sectional design, 1.5T mag-
net
Small sample size, no con-
trols, cross-sectional study

No controls, cross-sectional
study

Small sample size, cross-
sectional design

Cross-sectional design

Small sample size, cross-
sectional study design

Studied relatively obscure
cART-naive “slow progres-
sors” children

Well characterised cohort
with clearly specified treat-
ment regimen

Studied very young chil-
dren (less than 4 years)

Linear regression analysis
used

Large sample of HIV par-
ticipants

Well characterised cohort -
followed from birth and
ensured adherence, meas-
ured personal social quo-
tient
Linear mix model analysis,
cognitive scores used as co-
variates in the model
Assessed many aspects of
cognition

Approved by
UCT HREC

Approved by SU HREC

Approved by
IRB SAMRC and Wits
HREC
Approved by
UCT HREC

Approved by
UCT HREC

Approved by SU HREC

Approved by
UCT HREC

Approved by
UCT HREC

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

None declared by authors;
NRF and SAMRC funded

None declared; Harry
Crossley foundation, NIH

grant

Information not disclosed

None declared;
SAMRC and NRF funded
None declared;
SAMRC, NRF, and
NICHD

None declared; SAMRC,
NIAID, NRF grants

None declared;
SAMRC, NRF, and
NICHD
None declared;
SAMRC and NICHD

Zambia (Lu-
saka)

Dean et al. (2020)

Schneider et al.
(2020)

Small sample size, cross-
sectional design, 1.5T mag-
net
Small sample size, qualita-
tive imaging assessment,
cross-sectional study, 1.5T

magnet

Controlled for age and sex,
longitudinal analysis

One of the few studies to
investigate cerebrovascular
disease in perinatal HIV

Approved by IRB URMC

Approved by IRB URMC

Yes

Yes

None declared;
Funded by URMC, NIH,
and McGowan foundation

None declared; funded by
NIH, Rochester Center for
AIDS Research

United States
of America
(Ilinois &
California)

Nozyce et al.
(2006)

Gabis et al. (2006)

Nagarajan et al.
(2012)

Herting et al.
(2015)

Uban et al. (2015)

Lewis-de los Ange-
les et al. (2017)

Sarma et al.
(2021)

Ca(‘,oros et al.
(2024)

No controls, qualitative
imaging assessment, cross-
sectional study
No controls, small sample
size, cross-sectional study,
1.5 T magnet
Small sample size, cross-
sectional study investiga-
tion,

3 domains of cognition
Small sample size, no con-
trols, cross-sectional study,
adaptive functioning based
on caregiver report rather

than direct assessment

Small sample size, no con-
trols, cross-sectional study
design

Only 10 ROIs used in the
analysis, cross-sectional
study design

Small sample size, cross-
sectional study design

Cross-sectional study de-
sign

Large sample of HIV par-
ticipants

Well characterised cohorts,
routine MRI follow-ups

Used 2D MRS with local-
ised correlated spectros-
copy (L-COSY)

Controlled for age at peak
HIV RNA,
Used regression analysis

Controlled for sex, age at
peak HIV RNA, and age
at cognitive testing; stud-
ied youth
Large sample size,
linear regression used and
adjusted for age and sex
Various cognitive test bat-
teries used to assess all
cognitive domains, studied
youth
Studied psychosocial cogni-
tive domain

Approved by IRB Bronx-
Lebanon Hospital Center

Approved by
Stony Brook University
IRB

Approved by
IRB Harbor-UCLA Medi-
cal Center

Approved by
IRB Harvard School of
Public Health

Approved by IRB Harvard
and NU

Approved by IRB NU

Approved by
IRBs Harbor-UCLA Medi-
cal Center and UCLA

Approved by IRB NU

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

None declared; mainly
NIH funded

Information not disclosed

None declared;
NINDS funded

None declared;
NICHD, NIDA

None declared;
NICHD, NIDA

None declared;
NIH (NICHD, NIDA)
funded

None declared;
NINDS funded

None declared; NIH funded

Spain
(Madrid)

Martin-Bejarano
et al. (2021)

Small sample size, cross-
sectional study design

Used the Frascati criteria
to assess cognition

Approved by Ethics com-
mittees of participating
hospitals

Yes

None declared; funding in-
formation not available
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--Table 2.2 continued--

Large sample size,

Cambodia & None declared; mainl
Tnkllailallad Paul et al. (2018) Cross-sectional study children enrolled in early Approved by IRB UMSL Yes erllnded bry NIIXI]? Y
treatment
Approved by
an Dalen et al. Small le size, - N declared;
van e en‘ e fa sa@p © BLaS, Cross Well characterised cohort Amsterdam UMC Ethics Yes i one declate .
(2016) sectional study i funding Emma foundation
committee
HIV and controls matched
. Approved by
Cohen et al. Small sample size, cross- for . . None declared;
) o UvA Academic Medical Yes ]
(2016) sectional study age, sex, ethnicity, and Cont Emma Foundation funded
enter
SES
Small le size, - A d b
Blokhuis et al. Hla S?mf Z 81.ze C?SS One of the only studies to P (I;pm‘[}eM CyEth' v None declared;
sectional study investiga- msterdam ics es
Netherlands (2017) } Y & use ASL to assess CBF i funding Emma foundation
(Amsterdam) tion committee
. . Well characterised cohort, Approved by Declared, not related to
van den Hof et al. Small sample size, cross- L . .
) longitudinal analysis, Amsterdam UMC Ethics Yes current work; AIDSfonds
(2021) sectional study , :
controlled for sex & age committee funding
A d b
van Genderen et Small sample size, cross- Multiple modalities; well pprove- Y . None declared; AIDSfonds
) i UvA Academic Medical Yes
al. (2021) sectional study characterised cohort funded
Center
. . . Approved by
van Genderen et Small sample size, cross- Multiple modalities; well ) . None declared; AIDSfonds
. . UvA Academic Medical Yes
al. (2()22) sectional study characterised cohort funded
Center
Small le size, - A d b
mz-i SELPR SR C,IOSS Clearly specified confound- . pprolve Y . None declared;
Wang et al. (2018)  sectional study, age-inap- Medical Ethics committee No
. ers ) Government funded
propriate tests used of Zhongnan Hospital
Longitudinal analysis of Approved by
) i ) ) ) None declared;
Yu et al. (2019) Small sample size GM volume and cortical Medical Ethics committee Yes
) ) ) Government funded
China (Wu- thickness of Zhongnan Hospital
han, Hubei Small sample size, cross-
province) section study,
right-handed participants Approved by None declared;
) i . Controlled for age, sex, . . ) )
Li et al. (2021) only, age-inappropriate , , Medical Ethics committee Yes Declared no funding re-
. and intracranial volume . )
tests (domains not de- of Zhongnan Hospital ceived for the study
scribed), correlation
strength not reported
Graph-theoretical analysis,
) ) None declared;
Yadav et al. Small sample size, cross- age & gender confounding, Approved by ,
. . ) . ) . Yes Funded by government's
(2017) sectional analysis multiple comparison cor- IRB Sidra medicine DST
rection
Small le si S~ N declared; G -
Yadav et al. msz Satipie bl.ze’ Cr(.)Sb Well characterised sample Approved by one cecared , overt
sectional study investiga- ) . - Yes ment DST and Sidra Med-
(2018) ) population IRB Sidra medicine o
tion icine funded
India & Qa-
tar
Well characterised cohort -
. . . . None declared;
Yadav et al. Small sample size, cross- Provided with psychologi- Approved by
. . S i . Yes Government DST and
(2020) sectional design cal support, monitoring of IRB Sidra medicine . .
.. . Sidra Medicine funded
nutritional intake, etc.
Ashby et al. Sm.all sample size, cross- C?mputerised cognitive Approved by St Mary’s None c?eqared; British HIV
England sectional study, 1.5T mag- testing, tests less time con- . Yes association funded, NHS
(2015) . Hospital IRB
(London) net suming trust
Institutions:

UCT—University of Cape Town, SU—Stellenbosch University, Wits—University of the Witwatersrand, HREC—human research ethics committee, NRF—SA National Research Foundation, DST—
Department of Science and Technology, URMC—University of Rochester Medical Center, NIH—National Institutes of Health, SAMRC—South African Medical Research Council, NTAID—NIH National
Institute of Allergy and Infectious Diseases, NINDS—NIH National Institute of Neurological Disorders and Stroke, NICHD—NIH National Institute of Child Health and Human Development, UMSL—
University of Missouri-St. Louis, NIDA—NIH National Institute on Drug Abuse, NHS—UK National Health Service, Institutional regulatory board (IRB), UvA—University of Amsterdam, NU—
Northwestern University, UCLA—University of California, Los Angeles, Amsterdam UMC—Amsterdam University Medical Centers

Abbreviations:

SES—socioeconomic status, ASL—arterial spin labelling, CBF—cerebral blood flow, GM—grey matter.
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Figure 2.2| Methodological quality and risk of bias assessment of each study using the Quadas-2 checklist.
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2.3.2.Study methodology: neuroimaging modalities and cogni-

tive domains

Table 2.3 summarises the neuroimaging modalities and measures of interest, cognitive
test batteries and cognitive domains of interest, as well as the statistical technique used

to find the associations between them.

Neuroimaging

The neuroimaging used in these studies was MRI, except for the oldest study Nozyce et
al. (2006) in which 91% of the children were scanned with computerized tomography
(CT) and 9% with MRI. It is worth noting this was one of the three studies where
neuroimaging was used qualitatively and found no association between neuroimaging
and behavioural problems. Seven of these studies (21%) exclusively used diffusion tensor
imaging (DTI) to evaluate white matter microstructure in their investigations; 8 (24%)
only used structural MRI (sMRI) to quantify regional or total brain volumes, surface
area, and cortical thickness. Three studies used single-voxel and 1 used multi-voxel spec-
troscopy to quantify the concentrations of neurometabolite concentrations, and 1 study
exclusively used arterial spin labelling (ASL) to measure cerebral blood flow. Four stud-
ies (12%) used resting-state and 2 (6%) task-based functional MRI (fMRI) to measure
brain activity and functional connectivity. There were 4 (12%) studies that utilised mul-
tiple modalities (Hoare et al., 2021; van den Hof et al., 2021; van Genderen et al., 2022;
van Genderen et al., 2021). Hoare et al. (2021) and van den Hof et al. (2021) acquired
sMRI and DTI, while van Genderen et al. (2022) and van Genderen et al. (2021) addi-

tionally obtained ASL-measured cerebral blow flow (CBF).

Cognitive testing
The studies assessed cognitive outcomes using various cognitive test batteries, the most
frequently used test being the Wechsler intelligence scale for children (WISC, n = 16,

48%), followed by Wechsler adult intelligence scale (WAIS, n = 12, 36%) and the revised
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Amsterdam child intelligence test (RAKIT, n = 5, 15%). However, since different tests
can assess the same cognitive domains, we identified the following broad domains and
counted how many studies assessed each of them: (1) attention, processing speed, or
short-term memory—n = 28, 85%; (2) executive function, working memory, problem
solving, or abstract thinking—mn = 21, 64%; (3) visual perception/spatial ability—n =
13, 39%; (4) language, verbal memory, verbal fluency, or verbal IQ—mn = 16, 48%; (5)
locomotor or motor coordination—n = 10, 30%; (6) psychomotor functioning or visual-
motor integration—mn = 13, 39%; (7) general intellectual functioning, full scale intelligent
quotient (IQ), performance 1Q, practical reasoning, or learning—n = 20, 61%; and (8)

behavioural problems, or personal-social cognition—n = 4, 12%.
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Table 2.3|] Imaging techniques, cognitive assessment batteries, and statistical analysis used to find associations

Type of im- Imaging Cognitive as- Statistical tech- i
. - Measures used for . . . . Were associa-
aging as- Study technique/ . . sessment bat- Cognitive domains nique for associa- .
associations . tions found?
sessment Sequences* tery tions
Andronikou et 1.5T MRI Volumes (GM, WM) GMDS Intelligence (FSIQ, VIQ, Pearson’s/Spear- v
es
al. (2014) (T, Ty) and cortical thickness locomotor 1Q) man’s correlation
Visual, short-term memory,  Pearson’s correla-
Yadav et al. 3T MRI Volumes (GM, WM) RAKIT _ 41 tion. v
ces speed, language ear regres- e
(2017) (Ty, T2) and cortical thickness PFOCESSING speed, Tangtage, — Hot, 1n. FIOsTes i
psychomotor sion
Lewis-de los An- )
les ot al 3T MRI Vol (GM) WISC-1V, WAIS- Working memory, pro- Li . v
eles et al. olumes inear regression es
. (Ty) IV, CPI cessing speed, FSIQ s
(2017)
WAIS-III, SBT
Paul et al. 3T MRI ’ ’ VIQ, PIQ, short-term Pearson’s correla-
Volumes (GM, WM) CCTT 1&2, , ) Yes
(2018) (Ty) memory, working memory tion
Beery-VMI, PPT
3T MRI WST, WAIS E tive function, lan-
Wlforplhoiiei sy Volumes (GM, WM) ’ ’ HecHiive THRCHOn, fal Nonparametric cor-
(sMRI) Yu et al. (2019) (T4, To- _ ) WCST, PMT, guage, attention, visual, ) Yes
and cortical thickness o relation
FLAIR) MpTLS motor coordination
1.5T MRI :
Attention, language, learn-
Dean et al. (T1, Ty, and Vol (GM, WM) RAKIT ) ual. mot di Li _ v
olumes ing, visual, motor coordina- inear regression es
(2020) T,FLAIR, wmes (A & vt i
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DTI, MRA)
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(Ty) WM) tion, language, visual tion
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Caceres et al. 3T MRI . . Symptoms Index: social . .
Cortical thickness, cur- BASC-2 . ) Linear regression Yes
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vature, LGI
sense of adequacy)
WASI, NEPSY-II, ) ,
. Intelligence, executive
Hoare et al. 3T MRI Regional FA, MD, GPT, WISC-1V, . . Pearson's correla-
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(2012) (DTI) AD, and RD values BNT-SF-SA, , , tion
function, visual
RCFT
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ua
WISC-III, WAIS- Intelli I -
3T MRI ) ’ . .e igence (IQ), pr.o Linear regression
Cohen et al. Whole-brain FA MD, III, TMT, cessing speed, executive
(DTI, Ty, To- . Age-Sex confound- Yes
(2016) FLAIR) and RD maps RAVLT, Beery- function,
Diffusion ten- VMI psychomotor integration o
sor imaging WASIL, NEPSY-II,
(DTT) Hoare et al. 3T MRI Regional FA, MD, GPT, WISC-1V, Intelligence, Executive Pearson's correla- v
(2019) (DTI, T) AD, and RD values BNT-SF-SA, function, Attention tion es
RCFT
Visual, short-t
Yadav et al. 3T MRI  Regional FA and MD RAKIT S ezml EMOLYs  pearson’s correla- Y
(2020) (T4, Ty, DTI) values BRSNS HIPESS, IS tion o
psychomotor
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3T MRI heari dl Y-
Ackermann et al. Whole-brain FA, MD, GMDS, Beery- cATng an anguage,' Py Spearman's correla-
(T, DTI) chomotor, 1Q (practical , Yes
(2020) AD, and RD maps VMI _ _ tion
reasoning), processing
speed
1.5T MRI 4 metabolite ratios t
, e .a e Tatos 1o Intelligence (FSIQ, VIQ, ‘
Gabis et al. (T, Ty, Ty- creatine: N-acetyl as- WISCLIIL. PPT PIQ). 1 ; Pearson's correla- v
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(2006) FLAIR, SVS  partate, choline, myo- ’ ’ gd gtf tion
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P i d ho-
Nagarajan et al. 3T MRI (T, 2D '"H-MRS (20 me- CPT II, PPT, FOCERSINg speje ' psyc. © Pearson's correla-
. motor, executive function ) Yes
(2012) L-COSY) tabolites) DKEFS i tion
Spect (problem solving)
PG 5T sMRI 3 metabolite ratios to
ST s
Ashby et al. (T, Ts, SVS creatine: N-acetyl as- CogState, IHDS, Executive function, atten- Pearson's correla- N
0
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" Hes Beery-VMI ecutive function
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*Imaging sequences reported by the authors to have been acquired for the study. Some studies acquired images that were not used in the analysis for associations with cognitive performance.
Imaging technique & sequences:

3T—3 Tesla, Ty & Ty—T-weighted and T, -weighted contrasts; FLAIR—fluid attenuated inversion recovery, DWI—diffusion weighted imaging, DTI—diffusion tensor imaging, ADC—

apparent diffusion coefficient, MRA—magnetic resonance angiography, ASL—arterial spin labelling, CBF—cerebral blood flow, rs-fMRI—resting state functional MRI, tb-fMRI—task-
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--Table 2.3 continued--

based functional MRI, ReHo—regional homogeneity, ALFF—amplitude of low frequency fluctuations, MRS—MR Spectroscopy, SVS—single voxel spectroscopy, CSI—Chemical shift
imaging, FA—Fractional anisotropy, AD—Axial diffusivity, MD—Mean diffusivity, RD—radial diffusivity, CT—computerised tomography, BOLD - Blood-Oxygen-Level-Dependent
Cognitive test batteries:

RAKIT—“Revisie Amsterdamse Kinder Intelligentie Test” (revised Amsterdam child intelligence test), K-BIT—Kaufman Brief Intelligence Test, WAIS-IV—Wechsler Adult Intelligence
Scale 4th edition, TMT—Trail Making Test A, SVT—Semantic verbal fluency, Luria DNA—Luria Neuropsychological Diagnostic for Adults, FTT—Finger tapping test, VIQ—Verbal
Intelligence Quotient, PIQ—Performance Intelligence Quotient, FSIQ—Full scale 1Q, WAIS-III-—Wechsler Adult Intelligence Scale 3rd ed, SBT—Stanford-Binet Test, CCTT 1&2—Child
Color Trains Test 1 and 2, PPT—Perdue pegboard test, IHDS—International HIV Dementia scale, WASI—Wechsler Abbreviated Scale of Intelligence, RCFT—REY Complex Figure Test,
BNT-SF-SA—Boston naming test-short form-South Africa, CPT II-—Conners’ Continuous Performance Test II version 5, DKEFS—Delis-Kaplan Executive Function System, WST—Word
Semantic Test, VWT—Verbal Working Memory Test, WCST—Wisconsin Card Sorting Test, PMT—Picture Memory Test, MpTLS—Midpoint test of the Line Segment, MoCA—Montreal
Cognitive Assessment, BACS—Brief Assessment of Cognition in Schizophrenia, CPT-IP—Continuous Performance Test—Identical Pairs, WMS-III—Wechsler Memory Scale-3rd Ed, HVLT-
R—Hopkin’s Verbal Learning Test-Revised, LNS—Letter-Number Span, BVMT-R—DBrief Visuospatial Memory Test-Revised, NAB—Neuropsychological Assessment Battery, MSCEIT—
Mazes, Mayer-Salovey-Caruso Emotional Intelligence Test, ROCFT—Rey—Osterrieth Complex Figure Test, PSQI—Pittsburgh Sleep Quality Index, BDI—Beck Depression Inventory,
Stroop—Stroop Color Word Test, PANSS—Positive and Negative Syndrome Scale, WTAR—Wechsler Test of Adult Reading, RAVLT—Rey Auditory Verbal Learning Test, BSID-IT—
Bayley Scales of Infant Development 2nd ed, WPPSI-R—Wechsler Preschool and Primary Scales of Intelligence-Revised, CPRS—Conners' Parent Rating Scale, BHR—Behavioural health
risks, BYI-II—Beck Youth Inventories, CBCL—Child Behaviour Checklist, MMSE—Mini-Mental State Examination, GMDS—Griffith mental development scales, CogState—computer-
ised cognitive testing, BASC-2—Behaviour Assessment System for Children 2" edition
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2.3.3.Synthesis: Associations between neuroimaging and cogni-
tive tests by cognitive domain

A summary of the associations between neuroimaging and cognitive outcomes and their
strengths is presented below in Table 2.4 and an illustration of the associations is pro-

vided in Figure 2.3.

Attention, processing speed, or short-term memory

The attention domain was associated with volume of the anterior corpus callosum in
both HIV and control children (Yadav et al., 2017); better processing speed was corre-
lated with higher grey and white matter volumes (GM and WM; Cohen et al. 2016), as
well as bilateral precentral gyrus, left rostral middle frontal, and total GM volumes
(Lewis-de los Angeles et al., 2017). The study by van den Hof and colleagues (2021)
found that the rate of GM volume decline from 13 + 3 years to 18 £+ 3 years was not
associated with cognitive outcomes, including attention, among all the participants. Alt-
hough van Genderen et al. (2021) and Paul et al. (2018) did not find any associations in
the HIV group of attention-related cognitive performance with either GM or WM vol-
umes and cerebral blood flow, poorer short-term memory has been correlated with higher
GM choline to creatine ratio (van Dalen et al., 2016). However, increased cerebral blood
flow in the basal ganglia was associated with better attention scores of both adolescents
with and without HIV in a subsequent study (van Genderen et al., 2022). Moreover,
among adolescents living with HIV, stronger temporal correlations of blood-oxygen level-
dependent (BOLD) signals, i.e., functional connectivity between the posterior cingulate
cortex and left occipital cortex (i.e., default mode network—visual connectivity), and
between medial frontal cortex and the right inferior frontal gyrus (i.e., default mode
network—executive connectivity), predicted better processing speed scores (Herting et
al., 2015). Poorer short-term memory has also been associated with reduced amplitude
of low frequency fluctuations in the left middle temporal region and functional connec-

tivity of the left precentral gyrus of the motor network with right precuneus region

37



(Yadav et al., 2018). Finally, attention scores of children with HIV correlated with
mean diffusivity in the right medial frontal region (Yadav et al., 2018), axial diffusivity
in the left cerebral peduncle, and fractional anisotropy (FA) in the right superior fronto-
occipital fasciculus tracts (Hoare et al., 2019). In contrast, thalamus volume (Paul et al.,
2018), FA in left insula (Yadav et al., 2020), WM glutamate to creatine ratio (van Dalen
et al. 2016) and ratio of N-acetylaspartate to total creatine (Nagarajan et al., 2012)
correlated with attention only in control adolescents, but not in adolescents living with

HIV.

FExecutive function, working memory, problem solving, or abstract thinking

Across all participants, better executive function was associated with increased GM cer-
ebral blood flow (van Genderen et al., 2021), larger volumes of the bilateral cerebellum
GM (Yu et al., 2019), left rostral middle frontal gyrus, bilateral precentral gyrus, and
total GM (Lewis-de los Angeles et al., 2017), as well as right cerebral white matter
amplitude of low frequency fluctuations (Sarma et al, 2021) and FA in the regions of the
superior fronto-occipital fasciculus, right superior corona radiata, and corpus callosum
(Hoare et al., 2021). In the HIV group, poorer working memory was associated with
higher choline to creatine ratio in GM and WM (van Dalen et al., 2016), lower FA in
right external capsule and axial diffusivity in left cerebral peduncle (Hoare et al., 2019),
and lower cortical thickness of the right rostral middle frontal and right superior frontal
gyri; however, while van Genderen et al. (2022) did not find an association between
cerebral blood flow and executive function in this group. Better working memory /exec-
utive function was associated with higher GM cerebral blood flow (Blokhuis et al., 2017),
higher glutamate to creatine ratio (van Dalen et al., 2016), and thalamic volume only in
the control children. Comparatively, Ashby and colleagues (2015) reported no associa-
tions between metabolite concentrations and scores of attention and executive function
among the participants. However, the study did not investigate associations in the con-

trols and HIV group separately, likely due to the small sample size.
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Visual perception/spatial ability

In both controls and HIV groups, poor visual perception has been associated with de-
creased anterior corpus callosum volume (Yadav et al., 2017), reduced FA in the sple-
nium region of the corpus callosum (Hoare et al., 2012), and reduced radial diffusivity
in the right temporal superior-longitudinal fasciculus and left putamen region of the
inferior-longitudinal fasciculus (Ackermann et al., 2020). Visual perception was posi-
tively correlated with mean diffusivity in right cerebellum only in the control group
(Yadav et al., 2020). The study by van den Hof and colleagues (2021) found no associ-

ations between GM and WM volumes with visual perception/spatial ability.

Language, verbal memory, verbal fluency, or verbal 1Q)

Four studies have demonstrated an association of verbal ability in children with imaging
measures (Yadav et al., 2020; Hoare et al., 2012; Gabis et al., 2006; Ackermann et al.,
2014). While Hoare and colleagues (2012) found that poor semantic fluency was associ-
ated with decreased FA in the genu and splenium of the corpus callosum, Yadav and
colleagues (2020) found that verbal scores correlated with FA in the left postcentral
region, right corpus callosum, left insula, and left hypothalamus only in the HIV group;
and additionally found that these scores correlated with FA in right fusiform and left
pulvinar in the control group only. While Gabis and colleagues (2006) found that verbal
intelligent quotient (IQ) in subtests of arithmetic and comprehension was associated
with N-acetylaspartate to choline ratio in subcortical white matter and basal ganglia,
Ackermann et al. (2014) found no association between verbal 1) and WM lesion load in
the children living with HIV. In youth with and without HIV, Bartin-Bejarano and
colleagues (2021) found strong correlations between BOLD signals in a cluster in the left

inferior frontal gyrus and phonological fluency outcomes.

Motor, locomotor, psychomotor functioning, or visual-motor coordination

Psychomotor function has been associated with amplitude of low frequency fluctuations

in the right cerebral WM /right medial orbital gyrus region among youth with and
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without HIV (Sarma et al., 2021). In the HIV group, no correlation with metabolite
concentrations were found (Nagarajan et al., 2012), rather higher GM myo-inositol to
creatine ratio was associated with poorer psychomotor function (van Dalen et al., 2016)
in adolescents without HIV. In children living with HIV, it was only motor coordination
that was associated with AD in brainstem corticospinal tract (Ackermann et al., 2020).
Similarly, lesion load showed no correlation with developmental quotients such as loco-

motor (Ackermann et al., 2014).

General intellectual functioning, and social cognition

Higher general intellectual functioning (general quotients, 1Q) has been associated with
increased total brain volumes (Dean et al., 2020) and both GM and WM volumes (Lewis-
de los Angeles et al., 2017; Cohen et al., 2016). In the HIV group, poorer scores on
processing speed, attention and executive function were associated with decreased AD
in the left inferior cerebellar peduncle (Hoare et al., 2015), 1Q positively correlated with
thickness of the motor corpus callosum (Andronikou et al., 2014), and there was a weak
correlation of N-acetylaspartate to choline ratio in frontal subcortical WM with basal
ganglia and full-scale 1Q) (Gabis et al., 2006). In youth, social cognition was associated
with regional homogeneity in right central operculum and amplitude of low frequency
fluctuations in left cerebral WM (Sarma et al., 2021), and emotional symptoms with
global efficiency in salience/midcingulo-insular network (Caceres et al., 2024). However,
Wang and colleagues (2018) found no correlation between altered regional homogeneity
values in various brain regions and cognitive performance, nor did van Genderen et al
(2021) between multiple brain measures and general intellectual functioning in children
and adolescents. Furthermore, childhood behavioural problems were associated with the
surface area of the right middle temporal and left isthmus cingulate regions (Hoare et
al., 2021). However, Ackermann and colleagues (2014) found no correlation between
lesion load and developmental quotients, and Nozyce et al. (2006) found no associations

between behavioural problems and neuroimaging in children.
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Table 2.4] Associations between cognitive performance and neuroimaging measures grouped by cognitive domain.

COGNITIVE PERFORMANCE

Domain

Study

ASSOCIATIONS WITH NEUROIMAGING MEASURES

All participants

HIV group

Controls

Attention, pro-
cessing speed, or
short-term memory

Nagarajan et al.
(2012)

Herting et al. (2015)

Cohen et al. (2016)

van Dalen et al.
(2016)*

Yadav et al. (2017)

Lewis-de los Angeles
et al. (2017)

Paul et al. (2018)

Yadav et al. (2018)

Hoare et al. (2019)

Yadav et al. (2020)

Martin-Bejarano et
al. (2021)

van Genderen et ELI
(2021)

van Genderen et al.
(2022)

No associations (r & p not reported)

N/A

Total GM volume
(B=+0.06, p=0.020)

NOT REPORTED

Anterior CC volume
(r=-+0.49, p=0.003)
Bilateral precentral gyrus,

LH rostral middle frontal gyrus, and
total GM volumes
(+ve, p=0.02 to 0.03)

NOT REPORTED

ALFF in the left post central region
(+ve, p=0.005)

N/A

NOT REPORTED

NOT REPORTED

CBF in caudate nucleus, putamen, and
thalamus (4ve, p = 0.033; 0.036; 0.003
respectively)

NOT REPORTED

No associations (r & p not reported)

RSFC from PCC to L occipital cortex
(+ve, DMN-Visual connectivity, p = 0.006)
RSFC from mPFC to R IFG

(+ve, DMN-Executive connectivity
p=0.011)

NOT REPORTED

GM Cho/Cre
(-ve, p=0.047)

NOT REPORTED

NOT REPORTED

No correlations with volumes
(-0.27 < r < 0.24)

NOT REPORTED

AD cerebral peduncle LH
(r=+0.17, p=0.02)
FA in R superior fronto-occipital fasciculus
(r=+0.17, p=0.04)
MD in R medial frontal
(r=+0.48)

NOT REPORTED

NOT REPORTED

No associations (r & p not reported)

Right frontal lobe NAA /tCr
(r=-0.75, p=0.002)

N/A

NOT REPORTED

WM Glu/Cre
(+ve, p=0.013)

NOT REPORTED

NOT REPORTED
Thalamic volume

(tho=+0.368, p<0.01)

NOT REPORTED

N/A
FA in L insula
(r=-0.72)
NOT REPORTED

NOT REPORTED

NOT REPORTED

Executive function,
working memory,
problem solving, or
abstract thinking

van Dalen et al.
(2016)*

Lewis-de los Angeles
et al. (2017)

Blokhuis et al. (2017)

Hoare et al. (2019)

Yu et al. (2019)

Sarma et al. (2021)

Hoare et al. (2021)*

Martin-Bejarano et
al. (2021)
van Genderen et al.
(2021)

NOT REPORTED

Bilateral precentral gyrus, LH rostral
middle frontal gyrus, and total GM vol-
umes (p=0.004 to 0.05)

NOT REPORTED

N/A

Bilateral cerebellar GM volume
(r=+0.681, p=0.005)

R cerebral WM ALFF (-ve, p=0.001)
and ReHo (-ve, p=0.006)
FA CC’s genu
(r= 40.0.267 & +0.273, p=0.006 &
0.005) and splenium
(r =40.292 & 40.320, p=0.002 & 0.001),
R superior corona radiata
(r=+0.266 & +0.273, p=0.006 & 0.005),
superior fronto-occipital fasciculus
(r=+0.252 & +0.259, p=0.009 & 0.007)

NOT REPORTED

GM CBF
(+ve, p = 0.045)
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Cho/Cre in GM
(-ve, p=0.035 & p=0.012),
Cho/Cre in WM
(-ve, p=0.003 & p=0.017)

NOT REPORTED

No associations (r & p not reported)

FA in RH external capsule (r=+0.18,
p=0.04); LH cerebral peduncle (r=+0.17,
p=0.05)

Thicknesses of R rostral middle frontal (r=-
0.646, p=0.009) and R superior frontal gyri
(r & p not reported)

NOT REPORTED

NOT REPORTED

NOT REPORTED

NOT REPORTED

WM NAA/Cre (+ve, p=0.042) and
Glu/Cre (+ve, p=0.008),
Glu/Cre in GM
(+ve, p=0.006)

NOT REPORTED

GM CBF
(r=+40.11, p=0.029)

N/A

NOT REPORTED

NOT REPORTED

NOT REPORTED

NOT REPORTED

NOT REPORTED


https://link.springer.com/article/10.1007/s11481-012-9407-7
https://link.springer.com/article/10.1007/s11481-012-9407-7
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4635795/
https://n.neurology.org/content/86/1/19.long
https://journals.lww.com/md-journal/Fulltext/2016/03220/Neurometabolite_Alterations_Associated_With.16.aspx
https://journals.lww.com/md-journal/Fulltext/2016/03220/Neurometabolite_Alterations_Associated_With.16.aspx
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5304232/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5373952/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5373952/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5984109/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6224323/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6549713/
https://www.sciencedirect.com/science/article/pii/S2666354620300041?via%3Dihub
https://neurologia.com/articulo/2020536/eng
https://neurologia.com/articulo/2020536/eng
https://www.mdpi.com/1999-4915/13/11/2179
https://www.mdpi.com/1999-4915/13/11/2179
https://www.neurology.org/doi/10.1212/WNL.0000000000200946
https://www.neurology.org/doi/10.1212/WNL.0000000000200946
https://journals.lww.com/md-journal/Fulltext/2016/03220/Neurometabolite_Alterations_Associated_With.16.aspx
https://journals.lww.com/md-journal/Fulltext/2016/03220/Neurometabolite_Alterations_Associated_With.16.aspx
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5373952/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5373952/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5319495/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6549713/
https://www.frontiersin.org/articles/10.3389/fimmu.2019.00814/full
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7862588/
https://www.sciencedirect.com/science/article/pii/S0741832921000987?via%3Dihub
https://neurologia.com/articulo/2020536/eng
https://neurologia.com/articulo/2020536/eng
https://www.mdpi.com/1999-4915/13/11/2179
https://www.mdpi.com/1999-4915/13/11/2179

van Genderen et al.
(2022)

NOT REPORTED No associations (r & p not reported)

NOT REPORTED

Visual percep-
tion/spatial ability

Hoare et al. (2012)

Yadav et al. (2017)

Ackermann et al.
(2020)

Yadav et al. (2020)

FA in CC splenium (r=40.479, NOT REPORTED

p=0.044)
Anterior CC volume (r=+0.511, NOT REPORTED
p=0.002)
RD in right tempgga;)SLF (r=-0.31, NOT REPORTED
p=U.

NOT REPORTED NOT REPORTED

NOT REPORTED

NOT REPORTED

NOT REPORTED

MD in right cerebellum

(r=-0.72)

Language, verbal
memory, verbal flu-
ency, or verbal 1Q

Gabis et al. (2006)

Hoare et al. (2012)

Ackermann et al.
(2014)

Yadav et al. (2020)

Martin-Bejarano et

NAA/Cho with verbal arithmetic (r=+0.74,
N/A p=0.034) and comprehension (r=+0.77,
p=0.025) and both (r=+40.65, p=0.08)
CC genu (r=+0.471, p=0.048), splenium
(r=-+0.474, p=0.047), left SLF
(r=-+0.579, p =0.010)

NOT REPORTED

N/A No associations (p=0.50)

FA in L postcentral (r=+0.50), R CC
(r=+0.56), L insula (r=40.53), & L hypo-
thalamus (r=+0.56)

L IFG cluster activity

NOT REPORTED

L IFG cluster activity

N/A

NOT REPORTED

N/A

FA in R fusiform (r=-0.74),

L pulvinar (r=-0.86)

NOT REPORTED

Psychomotor func-
tioning, or visual-mo-
tor coordination

al. (2021) (r & p not reported) (r = +0.648, p = 0.043)
/ Dcl cl.
vam Daten o a NOT REPORTED NOT REPORTED GM Ins/Cre
(2016)* (-ve, p=0.039).

Sarma et al. (2021)

van Genderen et al.
(2021)

van Genderen et al.

ALFF RH CWM/MidOG (-ve, p=0.002) NOT REPORTED

GM CBF (+ve, p = 0.043); CBF in cau-
date nucleus, putamen, and thalamus
(+ve, p = 0.023; 0.045; 0.003 respec-

tively)

NOT REPORTED

NOT REPORTED No associations (r & p not reported)

NOT REPORTED

NOT REPORTED

NOT REPORTED

(2022)
Ackermann et al. . . .

(2014) NOT REPORTED No correlations with lesion load (p = 0.80) NOT REPORTED

Motor function, lo- . : .
’ Ackermann et al. AD in the b t the CST (r=-0.33
comotor. or tmotor ckermann et a NOT REPORTED in the brainstem in the (r ) NOT REPORTED
' (2020) p=0.05)
skills , , .
Martin-Bejarano et
L (2021) NOT REPORTED NOT REPORTED NOT REPORTED
al.

General intellectual
functioning, full scale
1Q, social cognition,
overall cognitive per-
formance

Gabis et al. (2006)
Ackermann et al.
(2014)

Andronikou et al.
(2014)

Hoare et al. (2015)

Cohen et al. (2016)

Lewis-de los Angeles
et al. (2017)

Wang et al. (2018)
Dean et al. (2020)

Sarma et al. (2021)

Hoare et al. (2021)*

van Genderen et al.

(2021)

van Genderen et al.

(2022)

Caceres et al. (2024)

N/A NAA/Cho (r=+0.54, p=0.54)

NOT REPORTED No correlation with lesion load (p = 0.99)

N/A motor CC maximum (+ve, p=0.0277)

N/A AD in the left inferior cerebellar peduncle
(B=+0.00002, p=0.037)

GM (B=+0.07, p=0.009) and WM
=+0.11, p=0.002 1 5; WM MD
(B=+0.1L p ) volumes; WM volume (B=+0.11, p=0.029)
(B=-1.63, p=0.038)

Bilateral precentral gyrus, L rostral mid-
dle frontal gyrus, and total GM volumes NOT REPORTED
(p=0.01 to 0.05)

NOT REPORTED
Total brain volume (B=25.9, p=0.04)
ReHo in RH central operculum
(p<0.001); ALFF in L CWM/MidOG (-
ve, p<0.0009), L CWM (-ve, p<0.002),
ReHO in R CWM (-ve, p<0.0009) and
ReHo in R central operculum (p=0.002)

No associations (r & p not reported)
NOT REPORTED

NOT REPORTED

Surface area of L isthmus cingulate (r=-
0.238, p=0.008); surface area of R mid-
dle temporal region (r=+0.253, p=0.005)

NOT REPORTED

NOT REPORTED NOT REPORTED

NOT REPORTED No associations (r & p not reported)

Global efficiency in salient network

NOT REPORTED
OT REPOR (B=-+205.1, p=0.03)
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N/A

NOT REPORTED
N/A

N/A

NOT REPORTED

NOT REPORTED

No associations (r & p not reported)

NOT REPORTED

NOT REPORTED

NOT REPORTED

NOT REPORTED

NOT REPORTED

NOT REPORTED


https://www.neurology.org/doi/10.1212/WNL.0000000000200946
https://www.neurology.org/doi/10.1212/WNL.0000000000200946
https://link.springer.com/article/10.1007/s13365-012-0099-9
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5304232/
https://aidsrestherapy.biomedcentral.com/articles/10.1186/s12981-020-00278-z
https://aidsrestherapy.biomedcentral.com/articles/10.1186/s12981-020-00278-z
https://www.sciencedirect.com/science/article/pii/S2666354620300041?via%3Dihub
https://journals.sagepub.com/doi/epdf/10.1177/08830738060210061801
https://link.springer.com/article/10.1007/s13365-012-0099-9
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4153800/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4153800/
https://www.sciencedirect.com/science/article/pii/S2666354620300041?via%3Dihub
https://neurologia.com/articulo/2020536/eng
https://neurologia.com/articulo/2020536/eng
https://journals.lww.com/md-journal/Fulltext/2016/03220/Neurometabolite_Alterations_Associated_With.16.aspx
https://journals.lww.com/md-journal/Fulltext/2016/03220/Neurometabolite_Alterations_Associated_With.16.aspx
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7862588/
https://www.mdpi.com/1999-4915/13/11/2179
https://www.mdpi.com/1999-4915/13/11/2179
https://www.neurology.org/doi/10.1212/WNL.0000000000200946
https://www.neurology.org/doi/10.1212/WNL.0000000000200946
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4153800/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4153800/
https://aidsrestherapy.biomedcentral.com/articles/10.1186/s12981-020-00278-z
https://aidsrestherapy.biomedcentral.com/articles/10.1186/s12981-020-00278-z
https://neurologia.com/articulo/2020536/eng
https://neurologia.com/articulo/2020536/eng
https://journals.sagepub.com/doi/epdf/10.1177/08830738060210061801
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4153800/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4153800/
https://link.springer.com/article/10.1007/s00381-014-2434-3
https://link.springer.com/article/10.1007/s00381-014-2434-3
https://link.springer.com/article/10.1007/s13365-014-0311-1
https://n.neurology.org/content/86/1/19.long
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5373952/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5373952/
https://www.liebertpub.com/doi/10.1089/AID.2017.0267?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%20%200pubmed
https://www.sciencedirect.com/science/article/pii/S0887899419308185?via%3Dihub
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https://www.sciencedirect.com/science/article/pii/S0741832921000987?via%3Dihub
https://www.mdpi.com/1999-4915/13/11/2179
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https://www.neurology.org/doi/10.1212/WNL.0000000000200946
https://www.sciencedirect.com/science/article/pii/S0889159123003604?via%3Dihub

--Table 2.4 continued--

*van Dalen et al. (2016) and Hoare et al. (2021) defined working memory as an instance of attention and had a separate executive function score from a different NP test; we report both out-
comes in the broader domain of executive function, and their processing speed/short-term memory outcomes as instances of attention in line with other studies.

Abbreviations:
BOLD—blood-oxygen-level-dependent, NAA—N-acetylaspartate, Cr/tCr—creatine/total creatine, Glu—glutamate, Cho—choline, PCC—posterior cingulate cortex, DMN—default mode network,
mPFC—medial prefrontal cortex, R/L IFG- right/left inferior frontal gyrus, ALFF RH CWM/MidOG—amplitude of low frequency fluctuations in right hemisphere cerebral white matter/me-
dial orbital gyrus region, , ReHo—regional homogeneity, L/R CWM—Ieft /right cerebral WM, CC—corpus callosum, AD—axial diffusivity, MD—mean diffusivity, RD—radial diffusivity, FA—
fractional anisotropy, CST—corticospinal tract, SLF—superior longitudinal fasciculus, -ve/+ve—negative/positive associations

Cortical structures

Precentral Postcentral

_precuneus

ML) mcad | Area midtelmpnral
frontal FA postecemtral region
olume rostal mid-frontal region PR e
FA Insula ALFF precuneus
GM InsiCr

Volume precentral
gyrus

Execuiive function Language General intelligence

A 1

T ] WM ALFF.
RD SLF—
CC volume Total volume,
FA SLF
L CC voliie CWM ALFF, MD
FA SLF
AD cerebral
peduncle
Total volume, GluftCr
FA CC genu AD extemal Lt
AD cersbral 2
Volume, ReHo, ALFF g splenium capsule

White Matter Tracts Subcortical Structures

cC

Thalamus

Hypothalamus

peduncle

Figure 2.3| Ilustration of associations between various brain measures and the cognitive domains presented in Table 2.4.
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2.4 Discussion

Given that there are relatively few studies exploring relationships between neuroimag-
ing measures and cognitive outcomes of children, adolescents, and youth living with

HIV, caution should be exercised when interpreting and generalising these findings.

HIV research in children, adolescents, and youth

Most of the studies relating neuroimaging and cognitive ability were in children (61%)
and adolescents (30%). We did not find studies with a primary focus on young people
aged between 19 and 26 years. However, two studies (Ashby et al., 2015; Sarma et al.,
2021) had a sample population whose mean age coincided with late adolescence (age
range 15-25 years) and another’s (Martin-Bejarano et al., 2021) coincided with young
adulthood (18-30 years). One study in youth with and without HIV found no relation
between neurometabolite levels and executive function or attention (Ashby et al., 2015),
while the other found relations between functional connectivity of cerebral white mat-
ter, regional homogeneity of operculum and general intellectual ability (Sarma et al.,
2021), and Martin-Bejarano et al. (2021) found emotional symptoms were associated
with BOLD activation in the inferior gyrus. This suggests there is still more research
needed to understand how outcomes in youth may differ from those in childhood and
adolescence. Although there are notable developmental changes in all three age groups,
the variables influencing these changes can differ substantially. Knowing these devel-
opmental trajectories can help us better understand how people grow and change, and
the impact of HIV infection during these important life stages. The discussion that
follows is therefore mostly applicable to persons living with and without HIV in the

childhood and adolescent periods.

Neuroimaging techniques in paediatric HIV research

Most HIV neuroimaging studies we found analysed MRI data, although computed to-

mography (CT) is more accessible, particularly in resource-limited settings. A similar
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result was found by Musielak and Fine (2016) and van den Hof et al. (2019) in their
systematic reviews of neuroimaging studies of children and adolescents with perinatally-
acquired HIV on long-term treatment. Possible reasons are MRI not using ionizing radi-
ation and being more sensitive and specific for detecting HIV-related brain changes.
Additionally, one study (Nozyce et al., 2006) included children scanned with both CT
and MRI, but somewhat surprisingly, no associations were found between behavioural
problems, or lower developmental and cognitive performance with WM signal abnormal-
ities, basal ganglia calcification, or lesion load. This may be because of the low proportion
of children in the study with behavioural or developmental problems.

The common MRI modalities used were structural MRI and diffusion tensor imaging
(sMRI & DTI), which quantified volumes, cortical thickness, and microstructural prop-
erties in white matter tracts. This bias toward sMRI and DTI was found by Musielak
and Fine (2016) in the most recent review conducted on neuroimaging in perinatal HIV.
Four studies we found examined both sMRI and DTI, and two of these additionally
included arterial spin labelling (ASL) measured cerebral blood flow. Magnetic resonance
angiography was acquired by 3 studies; however, no associations were reported between
MRA and cognitive performance. More studies are needed investigating MRA and other
MRI modalities such as spectroscopic and functional MRI (MRS & fMRI). Furthermore,
in the studies that used multiple neuroimaging modalities, analyses were performed on
each modality separately. There is therefore scope for future research using multimodal
and/or multivariate analyses to identify broad relationships, linear or non-linear, be-

tween neuroimaging measures and cognitive performance.

Cognitive testing assessments in paediatric HIV research

The commonly assessed cognitive domains were attention (processing speed and short-
term memory), executive function (working memory, abstract thinking) and general in-
tellectual functioning (overall intelligence quotients). Deficits in executive function

(Rowe et al., 2021), attention (Phillips et al., 2016), and learning (Musindo et al., 2022)
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are some of the widely reported domains impacted in children and adolescents living
with HIV. This explains the numerous attempts by studies to link these domains to
neuroimaging. Other less studied domains were hearing and semantic fluency, which are
also implicated in cognitive dysfunction due to perinatal HIV (Ensink & Kuper, 2017;
Musindo et al., 2022). Many of the studies assessed other cognitive domains, e.g., vis-
ual/spatial ability and psychomotor functioning, but most failed to test for socio-per-
sonal performance outcomes such as disruptive behaviour, anger, depression, self-concept,
and apathy, which carry more implications for practice and policy related to paediatric
HIV in sub-Saharan Africa (Cockecroft & Cassimjee, 2020; Gabbidon et al., 2020; Tuke

et al., 2020).

Heterogeneity in study methodology

There was considerable heterogeneity in the studies reviewed due to either clinical or
methodological diversity, which was expected because of the broad scope that neuroim-
aging and cognitive testing cover (Thompson & Jahanshad, 2015). However, heteroge-
neity makes it challenging to extract commonalities between findings from different
studies. For this reason, we did not explicitly perform meta-analyses in this systematic
review. Instead, the wide range of associations between brain measures and cognitive
outcomes found by the different studies were synthesised narratively. Diverse neuroim-
aging modalities or cognitive test batteries could lead to divergent results on the same
disease, resulting in limited reproducibility of the findings from different studies (Darby
et al., 2019). There has been extensive research on challenges and solutions to reproduc-
ibility in neuroimaging analysis (Botvinik-Nezer & Wager, 2023). For example, a possible
solution to identifying a finding consistently across different methods is to ensure that
factors contributing to variability in the results are minimised, these include data
smoothness, the analysis software used, and using parametric versus nonparametric sta-
tistical tests (ibid.) Similarly, for replicability between datasets, studies should be sta-

tistically well-powered. However, even if diverse neuroimaging studies do not converge
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on a particular brain region that is associated with a disease or cognitive function, it is
possible that the regions identified in different studies may instead be localised to a

common brain network (Darby et al., 2019).

Quality assessment of the studies and certainty of evidence

We independently assessed the quality of each study to rate the certainty of their evi-
dence based on their limitations and risk of bias. Our assessment criterion included their
full text, since partial screening, especially that conducted by single reviewers, has been
found to be problematic (Gartlehner et al., 2020; Stoll et al., 2019; Waffenschmidt et al.,
2019). The study populations mostly included young people with HIV and age-matched
controls, many under the age of 18. The children with HIV had varied treatment regi-
mens, most of which were not detailed by the authors. Therefore, differences in outcomes
across studies may also be related to the type of cART the children were receiving or
the stage of the disease. Sufficient reporting of eligibility criteria, age of cART initiation
and regimen, interventions/tests, and statistical analyses is important to ensure sound
methodology. Only a few failed to detail the exclusion criteria of the participants. Addi-
tionally, some of the control groups had uninfected children born to mothers living with
HIV, in whom cognitive and neuroimaging changes have also been reported (Tran et al.,
2016; Wedderburn et al., 2020). Furthermore, we noted a subset of studies that assessed
neuroimaging qualitatively. It is important in these cases for the scans to be anonymised
and reviewed by more than one neuroradiologist blinded to HIV and cognitive status,
and for the neuroradiologists to follow the revised RECIST guidelines (Eisenhauer et al.,
2009; Schwartz et al., 2016). Another limitation was the cross-sectional analyses em-
ployed by most of the studies, although for 3 studies (Ackermann et al., 2014;
Ackermann et al., 2020; Andronikou et al., 2014) longitudinal measures were available
for the cohort. However, none of these methodological factors had an immense impact

on the quality appraisal of the studies and general conclusions of the review.
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Reporting of findings across participants living with and without HIV

It is notable that 76% of the eligible studies in this review included uninfected controls.
Therefore, investigators had the opportunity to look for associations between neuroim-
aging and cognitive scores across three different groups: the children living with HIV,
controls, and all participants. However, there was no consistency in the reporting of
findings. Either the studies provided results for associations across all subjects including
controls or only in the sample with HIV. Two studies presented results in the control
group only. Where associations in the other groups were not reported, it is unclear
whether this was because none were found, or the researchers did not look for them. For
example, there were 6 instances where associations between neuroimaging measures and
cognitive scores were reported in the control group but not in the group with HIV. This
may be weak evidence for perinatal HIV affecting the typical relationship between brain
structure and performance measures or simply a lack of statistical power. It was unfor-
tunate that studies reporting on associations in the HIV group did not report or analyse
the relationship in controls or across all subjects in their sample. This could have pro-
vided support for the hypothesis that HIV-related alterations affect the typical brain
structure and performance of the studied population. It is important that negative find-
ings in research are reported because they provide a more complete understanding and

allow more informed conclusions to be made.

Associations between neuroimaging and cognitive performance

Overall, the studies found associations of regional and total volumes and WM micro-
structural measures with performance in tests of attention, executive function, and learn-
ing ability. This may be in part due to sMRI, DTI, and these cognitive domains being
overrepresented in these studies. Due to the challenge of keeping young children still in
the scanner for long periods, good quality sMRI and DTI data are more frequently ob-
tained compared to fMRI, MRA and MRS, possibly leading to their overrepresentation

in neuroimaging investigations. Similarly, there may be stronger a priori evidence of HIV
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impacting the domains of attention and executive function than personal-social cognition
in young children (Ensink & Kuper, 2017; Musindo et al., 2022), resulting in the latter
being the least commonly assessed.

The corpus callosum (CC) was a structure mostly associated with cognitive outcomes of
children and adolescents living with and without HIV. CC volume was associated with
outcomes of attention, visual perception, and language, and microstructure of the CC
genu and splenium with visual, motor, and executive function in these young people.
Among the 7 studies that exclusively used DTI, measures reflecting better white matter
integrity and well-organised structure, i.e., higher fractional anisotropy (FA) or axial
diffusivity and lower mean or radial diffusivities, were found across different regions and
tracts. Yadav et al. (2020), albeit using a small sample size, surprisingly reported better
scores of attention being associated with higher mean diffusivity in the HIV group and
lower FA in the control group; lower FA was also found to be associated with better
language scores in the control group. This underscores the need for more large-cohort
studies linking DTT metrics with cognition. Moreover, the relationship between neurome-
tabolite concentrations and cognition is still unclear from the four spectroscopic investi-
gations we reviewed, but consistent results were found. For example: higher concentra-
tion of N-acetylaspartate (typically considered a measure of better myelin maintenance,
higher neuronal density and viability, and lower axonal damage) to choline ratio were
associated with better scores of general intellectual functioning and language in the HIV
group, and higher N-acetylaspartate to creatine was linked to better scores of attention
and executive function in controls. Similarly, the relationship between functional con-
nectivity and cognition in children and adolescents also remains poorly understood, as
the results of the 6 studies included in this review were heterogeneous in measures of
connectivity found and in regions implicated.

Although it was common for grey and white matter measures to be associated with

outcomes of attention, executive function, and general intellectual functioning, the
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studies differed widely in which measures and regions were linked. For example, while
some studies considered total volumes of grey and white matter, other studies linked
measures of regional homogeneity, cerebral blood flow, FA, metabolite concentrations,
and so on, to cognitive outcomes. Other structures, for example, white matter tracts,
cortical and subcortical regions, varied from one study to the next. Therefore, no defin-
itive conclusions can be drawn from the current evidence, and more high-quality studies
are needed to elucidate the links between brain measures and cognitive outcomes of

children and adolescents living with HIV.

Socioeconomic status background and the brain-cognition relationship

Approximately half of the studies specified the cohort to reside in low-SES households;
a criterion primarily based on low-household income and educational level of the parent,
typically the mother. However, this review has found it challenging to determine the role
that SES played in the associations between HIV, brain structure, and cognitive perfor-
mance. None of the studies performed analyses with SES or discussed how it might have
influenced their results. Furthermore, not all studies presented the data used to deter-

mine SES described in their methodology.

Recommendations for future work

Future studies should explore using modalities such as perfusion MRI, resting-state and
task-based fMRI, sMRI that includes brain measures incorporating gyrification indices,
multimodal combinations of MRI techniques, clinical indicators of HIV disease severity,
and demographic confounders. Additionally, studies using predictive ability of single
modality or multimodal MRI to determine future cognitive outcomes may provide fur-
ther insight into longitudinal exposure to HIV or socioeconomic-status factors. Under-
standing the underlying key predictors of cognitive outcomes is of vital importance for

improving learning and rehabilitation of this cohort of children and adolescents.
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In conclusion, there is a lack of multimodal analysis of MRI data in populations including
children and adolescents living with HIV. There is also limited research exploring pre-

dictive modelling of future cognitive performance of this cohort of young people.
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Predicting child cognitive performance from multimodal
magnetic resonance neuroimaging—comparing classifica-
tion and regression performances of penalised linear models,

support vector machines, and decision tree ensembles

Chapter 3:

e What is the regression and classification performances of penalised linear
models (PLMs), support vector machines (SVMs), and decision tree en-
sembles (DTESs) in predicting cognitive scores?

e Is multimodal MRI accurate in predicting cognitive scores or categories of
overall cognitive performance in children?

e s there a subset of neuroimaging measures that can predict cognitive per-

formance in children?

Abstract

Children with cognitive difficulties may struggle in school and other areas of life, and
early identification and intervention is crucial for their development. The ability to pre-
dict cognitive performance from neuroimaging or other measures could make it easier to
identify at-risk children who could most benefit from interventions. We aimed to com-
pare the performance of penalised linear models (PLMs), support vector machines/re-
gression (SVMs/R), and decision tree ensembles (DTEs) in predicting individual contin-
uous scores as well as categories of overall cognitive performance in children from a
multimodal neuroimaging combination of structural magnetic resonance imaging (sMRI),
diffusion tensor imaging (DTI), and proton magnetic resonance spectroscopy (‘H-MRS).
Our study population comprised 132 7-year-old children from low-socioeconomic status

households and communities. Better and poorer overall cognitive performance categories
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were constructed with a hierarchical clustering algorithm. The prediction models were
implemented with Bayesian optimization and assessed with 10-fold cross validation. Pre-
dicting individual cognitive scores led to small training and fitting errors but high gen-
eralised errors, with the linear SVM algorithm producing smaller training and validation
errors compared to PLMs and DTEs. The classification models of better versus poorer
performing children resulted in area under the receiver operating characteristics curve
(AUC) of 0.71-0.83, 65-74% accuracies, 70-85% sensitivities, and 65-73% specificities,
with linear SVMs being the best performing algorithms and PLMs having the worst
performance. Using SVM-recursive feature elimination, we identified 40 relevant predic-
tors of overall cognitive performance out of 489 candidate neuroimaging measures, which
included cortical and subcortical volumes and diffusivity in select white matter tracts.
More research using multimodal neuroimaging and cognitive assessment is required with
larger sample sizes to improve prediction and reliability, especially the prediction of

future cognitive outcomes from neuroimaging.
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3.1 Introduction

The ability to predict cognitive outcomes, such as measures of intelligence, working
memory, and attention from neuroimaging data has the potential to inform the devel-
opment of new diagnostic methods and interventions for children with cognitive difficul-
ties. Yet, building models with high reliability and prediction performance remains a
challenging task (Callaway, 2022; Kong et al., 2022; Sui et al., 2020). Several machine
learning algorithms have been applied to neuroimaging data to predict childhood cogni-
tive abilities with reasonable performance, including penalised linear models (PLMs)
(Pan et al., 2018; Yao et al., 2023), support vector machines/regression (SVMs/SVR)
(Oztekin et al., 2021), and decision tree ensembles (DTEs) (Gaus et al., 2023).

PLMs overcome the challenges faced by standard linear models such as collinearity of
the predictors, overfitting of the prediction model, and a non-constant error variance
when dealing with multivariate datasets containing many predictors and few observa-
tions (p>>n, curse of dimensionality). Penalisation introduces constraints to the model
weights, allowing the less contributing predictors to have coefficients close or equal to
zero (Hastie et al., 2009). PLMs with the elastic net or least absolute shrinkage and
selection operator (lasso) penalties have been shown to improve overall prediction per-
formance (Greenwood et al., 2020). In a recent application to neuroimaging, Yao et al.
(2023) could use sulcal depth in left prefrontal cortex and lasso regression to predict
verbal working memory of children and adolescents achieving correlation strengths 0.25
< 1 < 0.40 between actual and predicted values. Pan et al. (2018) also managed to use
lasso regression on sociodemographic, neuroanatomical, and genetic predictors to predict
21% of variance (coefficient of determination R* = 0.21) in cognitive flexibility scores of
children.

Theorised by Cortes and Vapnik (1995), SVM (also SVR) is a different kind of supervised
learning algorithm used for continuous value regression or category classification. In the

case of classification, the algorithm seeks to identify a hyperplane with the largest margin
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(defined as the distance between the nearest data points from each category and the
hyperplane) that maximally separates the various categories in the training data. New
data points can be categorised based on which side of the hyperplane they fall once it
has been determined. Kernel SVM can be implemented when there is no discernible
margin of separation in the data or when data points are not linearly separable
(Scholkopf & Smola, 2018; Scholkopf et al., 2002). An example of an application of the
algorithm is the study by Oztekin et al. (2021) who classified cognitive deficits of children
associated with attention deficit hyperactivity disorder (ADHD) from cortical anatomy
and cognitive measures of executive function with 61-94% accuracies.

The decision tree paradigm, on the other hand, follows a tree-like structure to understand
how a classification, ranking, or a regression problem can be solved. Generally, trees are
constructed via an algorithmic approach that identifies ways to split a dataset based on

different conditions, typically information gain or mutual information (Costa & Pedreira,

2022). Often a single tree is not accurate for high-dimensional neuroimaging problems
(n<<p), as such, ensemble learning methods combine several decision trees to produce
better predictive performance (Deshmukh et al., 2020; Rokach, 2019; Zhou, 2012). Gaus
and colleagues (2023) using boosted trees on regional volumes and thickness measures
could marginally predict psychiatric disorders like ADHD (area under the receiver
operating characteristic curve, AUC = 0.57, p = 0.002) and bipolar disorder (AUC =
0.55, p = 0.002) in children.

Studies linking brain measures to cognitive performance tend to use a single modality or
small number of regions. For example, Yao et al. (2023), Paul et al. (2018), Oztekin et
al. (2021), and Gaus et al. (2023) used structural MRI (sMRI) measures. Multimodal
neuroimaging on the other hand, combines multiple measures and may provide a more
comprehensive examination of paediatric brain structure and function as well as offer a
better predictive performance of cognitive abilities of children than using one modality

alone (Khobo et al., 2022; Rasero et al., 2021).
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While each of these algorithms has been applied to neuroimaging data to predict cogni-
tive outcomes, there is currently a lack of comparison studies that investigate the per-
formance of different algorithms on the same dataset to achieve both regression and
classification of cognitive outcomes. To our knowledge, there are two studies (Pat et al.,
2022; Yuan et al., 2022) comparing machine learning approaches to link brain measures
to cognitive performance of children living without any neurodevelopmental disorder.
Yuan and colleagues (2022) reported comparable predictive performance for the algo-
rithms PLMs (ridge, lasso, and elastic net), SVM, and DTEs (random forest and gradient
boosted trees) in the regression of inhibitory control, a component of executive function,
from task-based functional MRI (fMRI). The second study by Pat and colleagues (2022)
compared similar models to Yuan et al. (2022) but included kernel SVMs and univariate
algorithms like ordinary least squares (OLS) in the prediction of response inhibition
measured via task-based fMRI stop-signal reaction time. Since the investigators primar-
ily focused on the cognitive domain of executive function, and a single modality in the
case of Pat et al. (2022), it is still unclear how these algorithms would perform on other
neuroimaging measures, cognitive domains, or measures of overall cognitive performance.
Moreover, it is uncertain how the predictive performance would change for classification
of the same scores because only regression of the cognitive scores was considered by these
2 studies.

Therefore, the goal of this study was to compare the performance of PLMs, SVMs, and
DTEs in predicting cognitive outcomes in children from multimodal neuroimaging data.
Specifically, we aimed to utilize a combination of sSMRI, DTI, and proton magnetic res-
onance spectroscopy (‘H-MRS) and apply these three families of algorithms (1) to regress
continuous cognitive scores and (2) classify categories of overall cognitive performance.
Additionally, beyond enhancing reliability and prediction of cognition from multimodal
neuroimaging and predictive modelling, we sought to find multimodal predictors or brain

measures of cognitive performance using feature selection in conjunction with these
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algorithms. Examining feature importance in the prediction model allows us to know
which brain measures contribute the most to cognitive abilities of children.

Among the various machine learning algorithms, Pat et al. (2022) found the elastic net
performed similar to or better than nonlinear and interactive algorithms, and Yuan et
al. (2022) found that while the elastic net algorithm yielded the most accurate predic-
tions, SVMs and ridge regression generated comparable results. Therefore, we hypothe-
sised that (1) PLMs would outperform SVMs and DTEs in predicting cognitive scores
in our cohort, (2) the prediction of categories of cognitive performance would be more
accurate than that of individual scores, and (3) we would find a subset of multimodal

neuroimaging measures predictive of cognitive performance in children.
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3.2 Material and Methods
3.2.1.Participants

The study population comprised 132 children aged 7 (7.01 — 7.70 years, mean age +
sd =17.22 4 0.13 years) from low-socioeconomic status (SES) backgrounds in Cape
Town, South Africa (demographics: supplementary Table B.1). HIV is a common con-
dition that disproportionately affects low-SES communities (Wabiri & Taffa, 2013) and
in urban South Africa, is concentrated amongst the poorer SES quintiles (Cleary et al.,
2011). A subset of 69 participants were asymptomatic, virally-suppressed children peri-
natally-infected with HIV from the Children with HIV Early Antiretroviral Therapy
(CHER) trial conducted between 2005 and 2011 to determine when to start combination
antiretroviral therapy treatment (Cotton et al., 2013; Laughton et al., 2012; Violari et
al., 2008). The rest of the participants were 63 age and community-matched uninfected
children, including those from a related vaccine trial (Madhi et al., 2010) and children
subsequently recruited for a neurodevelopmental sub-study (Laughton et al., 2018).

In this cohort the classification of children living with and without HIV using multimodal
neuroimaging has been previously reported (Khobo et al., 2022). Similarly, group-wise
comparisons of spectroscopic measures (Holmes et al., 2017; Mbugua et al., 2016;
Robertson et al., 2018), DTT (Ackermann et al., 2016; Jankiewicz et al., 2017; Madzime
et al., 2022), resting-state fMRI (Toich et al., 2018), sMRI (Nwosu et al., 2021; Nwosu
et al., 2018; Randall et al., 2017), and cognitive scores (Laughton et al., 2013; Laughton
et al., 2018; van Wyhe et al., 2021) have previously been presented for this population.
This was a well-characterised cohort with three-monthly adherence visits for those living
with HIV and six-monthly clinical assessments for children without HIV. All study pro-
cedures were performed according to protocols approved by the Human Research Ethics
Committee of the University of Cape Town (HREC ref: 453/2021). Parents or guardians
provided written consent, and oral assent was given by the children who were first fa-

miliarised with the procedures with practice cognitive tests and a mock MRI scanner.
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3.2.2.Cognitive assessment

Trained research assistants supervised by a licensed psychologist administered six cog-

nitive test batteries as described by van Wyhe and colleagues (2021):

Kaufmann assessment battery for children — second edition (KABC-II) with 4
scores, viz., learning (short-term memory), planning (executive reasoning), sim-
ultaneous processing (visuospatial processing and problem solving), and sequen-
tial processing (auditory working memory) (Kaufman & Kaufman, 2014);
Beery-Buktenica developmental test of visual-motor integrations (Berry-VMI)
with one score, a non-verbal assessment for the extent to which individuals can
integrate their visual and motor abilities (Beery & Beery, 2004);

Peabody picture vocabulary test — fourth edition (PPVT-IV), with a single score,
an untimed test of receptive vocabulary or the quick estimate of the examinee's
receptive vocabulary (Dunn & Dunn, 2007);

semantic (or category) fluency test (SFT) with one score (total correct animal
naming), a psychometric test for verbal generativity (Spreen & Strauss, 2006);
test of variables of attention (TOVA) with one summary score (attention perfor-
mance index, API), a diagnostic measure of attention deficits in children (Leark
et al., 2004); and

Purdue pegboard test (PPT), a measurement of unimanual and bimanual finger
and hand dexterity, which included 3 scores, i.e., assessments using preferred,

non-preferred, and both hands (Spreen & Strauss, 2006).

We focused on scaled individual cognitive scores, or the raw score if substantive norma-

tive data was not available. A scaled score represents where a child’s raw score is in the

distribution of raw scores among his or her peers! at the same age. The mean is 10 and

the standard deviation is 3.

! The normative data for the tests are primarily based on children residing high-income Western countries, particu-
larly the United States.
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3.2.3.Neuroimaging assessment

Neuroimaging took place at the Cape Universities Brain Imaging Centre (CUBIC) using
a 3 Tesla Allegra MRI scanner (Siemens Erlangen, Germany) with a single channel head
coil. A single scanning session lasted under 60 minutes and was performed without se-
dation.

We acquired a high-resolution motion-corrected structural 73-weighted dataset using a
3-dimensional echo planar imaging (EPI) navigated multi-echo magnetization prepared
rapid gradient echo (MEMPRAGE) sequence (van der Kouwe et al., 2008) with voxel
size = 1.3x1.0x1.0 mm?, field of view (FOV) = 224x224x144 mm?, times of echo (TEs)
= [1.53, 3.19, 4.86, 6.53] ms, time of repetition (TR) = 2530ms, time of inversion (TI)
= 1160ms, flip angle = 7°, bandwidth = 650 Hz/px, matrix size = 224x168, and 144
sagittal slices.

A further acquisition of two diffusion-weighted (DW) datasets used a volumetric navi-
gated (Alhamud et al., 2012) twice refocused spin-echo (TRSE) sequence: 2x2x2 mm?
voxel size, 220x220x144 mm?*® FOV, 10000ms TR, 86ms TE, 112x112 matrix size, 72
slices, 4 non-DW by, = 0 s/mm? b; = 1000 s/mm? 30 diffusion directions, and opposite
phase encodings (anterior-posterior and vice versa) for EPI distortion correction during
processing.

Single-voxel 'H-MRS from the midfrontal gray matter (MFGM), peritrigonal white mat-
ter, and basal ganglia acquisition used an EPI navigated point resolved spectroscopy
(PRESS) sequence (Hess et al., 2011): 1.5x1.5x1.5 cm?® voxel size, 2000ms TR, 30ms
TE, and 64 averages with chemical shift selective (CHESS) water suppression (Haase et

al., 1985). An acquisition without water suppression was performed for water referencing.

3.2.4.Image pre-processing and feature generation

Automated brain extraction, cortical reconstruction, and volumetric segmentation were
performed on the structural T1-weighted dataset with FreeSurfer version 6.0 (Dale et

al., 1999; Fischl et al., 2002) as described by Nwosu and colleagues (2018). We computed
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sMRI cortical measures—thickness, area, mean curvature, volume, and local gyrification

index for each of the 68 regions (34 in each cerebral hemisphere) of the Desikan-Killiany
(DK) atlas (Desikan et al., 2006). Furthermore, 47 sMRI subcortical and other non-
cortical regional and total volumes (e.g., total gray matter, estimated intracranial vol-
ume) were included in the analyses.

On the DW datasets, Tortoise v.2.5.2 (Pierpaoli & Walker, 2010) was used for motion
and field distortion corrections as well as voxel-wise calculation of the diffusion tensor.
We calculated voxel-wise diffusivity measures in the analysis of functional neuroimages
(AFNI) software (Cox, 1996) as described by Jankiewicz and colleagues (2017). We
calculated average values of fractional anisotropy (FA) as well as axial, mean, and radial
diffusivities (AD, MD, and RD) for each of the 20 white matter tracts in the Johns
Hopkins University (JHU) atlas (Mori, 2007).

The processing of 'H-MRS data was performed using LCModel version 6.1 (Provencher,
2001) as described by Robertson and colleagues (2018). We calculated the absolute con-
centrations of 11 metabolites as well as their ratios to total creatine (CrPCr): creatine
(Cr), phosphocreatine (PCr), glutamate (Glu), myo-inositol (Ins), N-acetylaspartate
(NAA), choline (Cho), phosphocholine (PCh), total choline (GPCPCh), glutamate plus
glutamine (GluGln), N-acetylaspartylglutamate plus N-acetylaspartate (NAAGNAA),
and CrPCr. We excluded metabolite concentrations from peritrigonal white matter and
basal ganglia as the acquisition in many subjects were of poor quality, reducing the
overall sample size considerably. Therefore, a total of 489 imaging features (5x68 cortical
sMRI + 47 other sMRI + 4x20 DTI + 22 MFGM 'H-MRS) were included as predictors

in the models.

3.2.5.Quality control and exclusion criteria
Participants with a history of major medical or psychiatric disorder, learning disability,
and the use of psychiatric medication that might impact cognitive performance (medi-

cation for ADHD) were excluded. We wanted to include only healthy, virally suppressed
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children with no acute illness in the study, so children living with HIV were also excluded
if they had detectable viral loads (>400 copies/ml) at age of scan or were symptomatic
in any way. Cognitive assessments were video recorded for quality control and adminis-
tered in the child’s preferred language (English, isiXhosa, or Afrikaans), and the trans-
lations were conducted under license from test publishers (van Wyhe et al., 2021).

We eliminated T1-weighted and DW datasets with motion artefacts, and poor-quality
'H-MRS spectra (broad linewidth, FWHM > 0.07 ppm and/or low signal-to-noise ratio,
SNR < 6). Images with dropout slices, or failed alignment to the JHU and DK templates
in standard space were also eliminated. Furthermore, subjects were excluded if they did
not complete the full scanning session, missed one or more cognitive assessments or any

of the individual neuroimaging modalities.

3.2.6.Construction of cognitive performance categories via hier-
archical clustering

Prior to the classification analysis, we concatenated the cognitive scores to form an 11-
element vector score representing overall cognitive performance. An agglomerative (bot-
tom-up) hierarchical clustering algorithm (HCA) was implemented to group the children
into categories of cognitive performance using this 11-dimensional vector score. We be-
gan with no predefined clusters (categories) and sought to find natural divisions in the
data. This is an important step, since it allows for a verification of the extent to which
the resulting clusters or categories are meaningful and may indicate a departure from
typical cognitive functioning.

HCA involves using a similarity/dissimilarity function to measure how related pairs of
subjects are, a linkage function to sequentially group pairs into larger clusters to form a
hierarchical tree, and cophenet correlation/consistency function to quantify how faith-
fully the clusters represent dissimilarities between subjects (Murtagh & Contreras, 2012,
2017). We used the Euclidean distance as the similarity metric, i.e., we first calculated

the L*norm distance between individual subjects’ vectors. Clusters can be linked using
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single, centroid, median, ward, average, and complete linkage methods. To evaluate the

effect of using different linkage methods we calculated the cophenetic coefficient for each

method to measure how faithfully the HCA preserved the pairwise distances in the da-
taset.

The result of HCA can be visualised with a dendrogram (tree) shown in Figure 3.3. To
divide the tree into clusters with greatest dissimilarity, we located the links in the tree
with the largest inconsistency coefficient (@), which is the ratio of the height (&) of the
link to the average height of links that lie below it. When a link has approximately the
same 6 as links below it, the cluster distinction between these two levels is not significant
and @ is low, indicating similar clusters which can be merged. A high ¢ indicates dis-
similar clusters, highlighting a natural division in the data. The optimal number of clus-
ters from the clustering solution can also be determined using the Silhouette criterion,
measuring how a point is similar to other points in the same cluster compared to points
in other clusters (Rousseeuw, 1987); or the Calinksi-Harabasz criterion, which maximises
the ratio of the between-cluster and within-cluster variances with respect to the number

of clusters (Calinski & Harabasz, 1974).
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3.2.7.Predictive modelling algorithms

We chose to compare the following 3 families of algorithms: penalised linear models,

support vector machines, and decision tree ensembles.

Penalised linear models (regularisation-based models)

In linear predictive modelling using regression, the response variable (e.g., cognitive out-
come) is a weighted sum of its predictor variables (e.g., neuroimaging measures) plus
random noise. Ordinary least squares (OLS) method is the simplest regression solution,
which estimates the weights/coefficients of the variables in the prediction model by min-
imising the residual sum of squares (RSS). OLS is unstable and ineffective for high-
dimensional datasets (Harrell, 2001). Penalised regression solutions introduce constraints
or penalties on the size of the weights while minimising RSS, thereby solving the insta-

bility problem posed by OLS. Overall, penalisation /regularisation improves the predic-

tion error by decreasing the variance of the estimated weights. The least absolute shrink-

age and selection operator (lasso, L'-norm penalty) shrinks some of the coefficients to

exactly zero (Tibshirani, 1996). Ridge technique (L’norm penalty) makes predictors

that are irrelevent approach zero (Awad & Khanna, 2015). The elastic net (EN) is the
generalisation of lasso and ridge regression (Zou & Hastie, 2005). Penalised regression
can also be extended to classification, as such, neuroimaging classification problems often
use the EN estimation method (Bowman, Drake, & Huddleston, 2016; Schouten et al.,

2016; Tohka et al., 2016).

Support vector machines/regression models

Linear SVMs and kernel-based SVMs, with polynomial, gaussian radial basis function
(RBF), and sigmoid kernels, are used to find hyperplanes or decision boundaries used to
predict a category or continuous output in n-dimensional space (Scholkopf & Smola,
2018; Scholkopf et al., 2002). The points closest to the hyperplane corresponding to the

data are termed support vectors. The goal of SVM/SVR is to fit the best line without a
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threshold value, a distance between the hyperplane and the boundary lines (two lines
drawn around the hyperplane to create a margin between the data points).

In real world data, it is often difficult to classify or regress data points in lower dimen-
sions. Kernels are useful mathematical functions to transform data from a space where
it is not linearly separable to a high dimensional space in which it can be separated by
a hyperplane (Scholkopf & Smola, 2018; Scholkopf et al., 2002). They bridge the gap
between linearity and non-linearity of a dataset. There are no established principles or
general rules to know which kernel will work best for a particular dataset, it depends
primarily on the data at hand. For large datasets where the number of predictors exceeds
the number of observations, linear SVM/SVR is often suggested, an RBF kernel is oth-

erwise used when dealing with large amounts of data.

Decision tree ensembles (tree-based models)

Bagging (bootstrap aggregating) and boosting are the two popular ensemble methods to
combine weak learners or individually trained decision trees to achieved superior predic-
tive performance (Plaia et al., 2022). Bagging takes a random subset of the original
dataset, with replacement, and fits either a classifier or regressor to each subset. The
predictions for each subset are then aggregated through a majority vote for classification
or averaging for regression, thereby increasing accuracy. An example of bagging is the
random forest technique. Boosting on the other hand trains decision trees iteratively on
the residuals of the previous trees, residuals being errors made by the previous weak
learner in classifying or regressing the data. This sequential training by the boosting
algorithm corrects the residuals by adjusting the weights of the training instances for
the tree next in line, leading to a reduction in the bias of the model by combining the
results of multiple weak learners. There are several sub-types of boosting algorithms,

such as adaptive, random under-sampling, least squares, and totally corrective boosting,

each having its own strengths and weaknesses depending on the data at hand or whether

the problem is regression or classification.
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3.2.8.Statistical analyses

Analyses were implemented in the MATLAB Statistics and Machine Learning Toolbox,
Software Release R2021a (MathWorks, Inc., 2021). Our analysis was split into 3 sub-
analyses: (1) regression analysis or predicting continuous values of each of the 11 cogni-
tive scores, (2) classification analysis or predicting the categories resulting from the hi-
erarchical clustering algorithm, and (3) extracting relevant features of the best perform-
ing prediction models. After performing each analysis on the set of all children in the
study sample we repeated the analysis for the subset of children living with HIV and the

subset without HIV separately.

Regression and classification performance

We trained 3 different kinds of predictive models: DTEs which encompassed totally
corrective boosted (TotalBoost), adaptive boosted (AdaBoost), random subsampling
boosted (RUSBoost), least-squares boosted (LSBoost), and bagged trees; SVMs/SVR
with linear, gaussian, quadratic, and cubic kernels; and PLMs which included elastic net,
ridge, and lasso penalisations. In essence, we trained optimizable classifiers or regression
models in each category. The machine learning toolbox employs a Bayesian optimisation
algorithm to optimise model fit. We selected the best-point hyperparameters in each
category that minimised cross-validation (CV) loss, i.e., lowest CV error for regression
and highest CV accuracy for classifiers. We therefore compared the best DTE, SVM,
and PLM models in terms of the regression and classification of cognitive performance
scores or categories.

For each prediction model, children were randomised into k = 10 folds for k-fold CV
(Kohavi, 1995). In the first iteration, children in Fold 1 were used as a testing (validation)
set, and Folds 2 through 10 formed the training set. In the next iteration, those in Fold
2 were tested on and the rest were part of training the prediction model. This was done

iteratively until each fold had been used either as a validation or training set. Ten-fold
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CV avoids overfitting and selection bias in neuroimaging studies with relatively small
sample size (Tohka et al., 2016).

For the regression models, we computed the fitting error (in-sample/resubstitution loss)
for each observation in the response using all other training data, and cross-validated
root mean square errors (RMSE), mean absolute error (MAE), coefficient of determina-
tion (R?), and correlation coefficient (r). Generalized error (validation RMSE) measures
how the models will perform on unseen data, i.e., the score is the RMSE on all observa-
tions, counting each observation when it was in a held-out validation fold. MAE is like
RMSE, but less sensitive to outliers. R*was calculated using 1 — :ZST? (where SSE and SST
are sum of squared error and total, respectively). R? reflects the variance in the depend-
ent variable that can be predicted by the independent variables. We computed the cor-
relation coefficient r between the actual and predicted values to test how similar they
were.

The classification performance was assessed via cross-validation accuracy, percentage of
correct predictions, as well as the area under the receiver operating characteristic curve
(AUC) or C-statistic, an overall performance measure summarising the diagnostic ability
of a classifier as its discrimination threshold (all possible category decision thresholds) is

varied. A flowchart of the regression and classification is shown in Figure 3.1.

Feature selection

DTE and PLM select relevant features while the models are being created—this is the
embedded feature selection technique part of the regression or classification algorithm
(Khaire and Dhanalakshmi, 2022). For DTE, the weight/coefficient of each feature is
calculated and used to construct the tree, a feature ranking is then obtained on the sum
of the improvements in all tree nodes; redundancy and relevance is quantified using the
pairwise mutual information of features and that of a feature and the response, which is

similar to the minimum redundancy-maximum relevance (MRMR) algorithm (Ding &
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Peng, 2005). PLM regularization methods introduce penalties in the learning process,
making coefficients of irrelevant predictors equal to or close to zero.

Having fitted a Linear SVR/SVM model, it is possible to access the classifier or regres-
sion coefficients on the trained model. Feature importance is then determined by com-
paring the size of these coefficients. The coefficients are less interpretable when kernels
are used, therefore another method is usually required to determine the most important
features in SVM/SVR. For this reason, we obtained SVR/SVM relevant features by
implementing wrapper feature selection (Khaire & Dhanalakshmi, 2022), using the out-
put SVM classification model as an objective function to rank the features. We used
recursive feature elimination (SVM-RFE). All features were first given weights, e.g.,
coefficients of the linear SVM model, after which the weakest coefficient was eliminated,
and the model refitted to determine the new weakest coefficient. This procedure was
repeated until all irrelevant features were removed and the remaining features achieve
the same classification accuracy as the SVM classification model.

We included the possible non-imaging confounders age at scan, birth weight, sex, and
HIV status as candidate predictors, i.e., estimated them jointly with neuroimaging data
in the predictive model (Linn et al., 2016) instead of regressing them out before con-
structing the models (Adeli et al., 2018). This allowed the predictive model to select

them if they were relevant features for predicting cognitive performance.
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Figure 3.1] Illustration of classification of categories of cognitive performance and regres-

sion of continuous individual scores of cognitive performances using 10-fold cross-vali-

dated and optimised prediction models PLMs, SVMs, and DTEs.
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3.3 Results
3.3.1.Final sample after exclusions

After quality control, 14 children were excluded for missing one or more cognitive scores
due to incomplete assessments or failure to pass the practice test numerous times. We
excluded 5 children with detectable viral loads at age of scan. A further 2 did not com-
plete the T)-weighted sMRI acquisition, 10 DW images had motion artefacts, 12 had
poor '"H-MRS spectra, therefore these participants were also excluded. Ultimately, a total

of 89 subjects were included in the prediction analyses.

3.3.2.Clustering of cognitive scores

Correlation of the cognitive scores

Figure 3.2 shows a pairwise correlation map of the 11 cognitive scores; none of the pairs
show strong correlation (Pearson correlation coefficients, r < +0.51). The KABC scores
have a moderate positive correlation (0.42 < r < 0.46), and PPT preferred and non-
preferred had the strongest correlation of any pair, with moderate positive correlation of

r = 0.51.
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Correlation Matrix
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correlation (moderate positive correlation) is PPT preferred and non-preferred hands (r = +0.51).
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Hierarchical clustering

A cophenetic coefficient closer to 1 indicates higher validity of the output from HCA.
Complete linkage (the farthest neighbour method) resulted in the highest cophenetic
coefficient (¢ = 0.7311) and a monotonic cluster tree (shown in Figure 3.3), while cen-
troid and median linkages either resulted in non-monotonic clusters, and ward, median,
average, and single linkages had lower cophenetic coefficients. The hierarchical tree was
therefore constructed using distance between farthest objects in the separate clusters to
represent distance between clusters.

Using this method, we identified two main clusters of children with the highest dissimi-
larity (¢ = 1.15) between cognitive scores. The two main clusters contained identifiable
sub-clusters: the lowest scoring children (Figure 3.3, green colour-coded cluster) and
highest scoring children (Figure 3.3, blue colour-coded cluster). However, these sub-
clusters were not significantly different from their parent clusters. The division of the
tree into two clusters was further supported by the Silhouette and Calinski-Harabasz
criteria (Figures 3.4A-B), where the highest silhouette value occurs at two clusters, and

2 clusters had the largest between-cluster variance and a smallest within-cluster variance.
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Cluster tree of an 11-element vector score of 7-year old children
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children compared to normative data.
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Demographic comparison between clusters

The two clusters did not differ with respect to the demographic or non-imaging varia-
bles—age, birth weight, or gender/sex (p’s > 0.12, Table 3.1). Similarly, while the poorer
performers had 20% more participants with HIV than without, better performers had
approximately the same number children living with and without HIV, so HIV status
was not statistically different (p = 0.30) between clusters i.e., HIV does not explain the
differences in cognition between the two clusters.

The first cluster (poorer performers) had significantly lower scores (p’s < 0.01) than the
second cluster (better performers) for all scores except Beery VMI (p = 0.07) and PPT
preferred hand (p = 0.09) and both hands (p = 0.63), where the means and medians
were lower for poorer performers, but not statistically significant (Table 3.1).

Looking at the broader paediatric population taking the KABC-II test around this age
(Kaufman and Kaufman, 2014), sequential and simultaneous processing scores for better
performers are in the upper average range (14-16), while poorer performers have average
scores (7-13). Both planning and learning are in the average category for the two clusters.
For Beery-VMI, poorer performers score below average (21-30 percentile), and better
performers score average (32-42 percentile). While better performers have normative
(about zero) TOVA’s API scores, poorer performers score closer to the ADHD sample
(API = -1.04). PPT scores for both clusters are below average (10-20 percentile) when
compared to the normative data provided by Gardner and Broman (1979). There was
no substantive normative data to compare the sample’s PPVT-IV and SF'T to their out-

of-sample peers at the same age.
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Table 3.1| Sample characteristics of the two clusters obtained via hierarchical clus-
tering, showing the poorer performers with significantly lower scorers than better

performers.
Poorer per- Better per- p-values from
formers formers Wilcoxon rank
(n = 40) (n = 49) sum test
Cognitive scores
KABC-II
Learning 10 (2.00) 12 (4.25) 6 x 107°
Planning 9 (4.75) 12 (5.25) 5x 1077
Sequential processing 13 (3.50) 16 (6.25) 3x 1077
Simultaneous processing 13 (3.75) 15 (5.00) 5x 1072
Beery-VMI 8 (3.00) 9 (1.25) 0.07
PPVT-IV 52 (10.50) 64 (14.00) 1x107°
SFT 5 (2.00) 7 (3.00) 0.01
TOVA API 104 (3.21)  -0.05 (3.51) 0.03
PPT
Preferred hand 9 (2.00) 10 (2.25) 0.09
Non-preferred hand 8 (2.00) 9 (2.00) 0.01
Both hands 7 (1.00) 7 (2.00) 0.63
Demographics
Age (years) 7.20 (0.15) 7.22 (0.16) 0.12
Birth weight (g) 3200 (580) 3173 (460) 0.68
Gender* Female n (%) 23 (58%) 21 (43%) 0.17
Status* HV  n (%) 24 (60%) 24 (49%) 0.30

*A chi-squared (x?) test was used to compare percentage of children between the two clusters
Values are median (IQR) or n (%)
We used an alpha significance level of p = 0.05

3.3.3.Comparison of regression performance between SVM,
DTE and PLM models

After quality control, the sample sizes were small to perform the regression analyses in
children with (n = 48) and without HIV (n = 40) separately using 10-fold cross valida-
tion, as such we used 5-fold cross validation for these groups of children. However, the

prediction of the 11 cognitive scores individually in children with and without HIV
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separately resulted in poor regression performance (supplementary Tables B.2 and B.3).
None of the PLMs, DTEs, and SVMs models predicted the individual scores with r, R?
> (.18.

Across all subjects (children with and without HIV, n = 89): when the cognitive scores
were predicted individually from neuroimaging measures, the regression models resulted
in small resubstitution error rates but high cross-validation errors, suggesting overfitting
and poor performance on unseen data. We present the out-of-sample error rates in Table
3.2. Figures 3.5A-D illustrate the training and validation errors of a subset of scores
(KABC-II learning, PPVT, SFT, and Beery-VMI) which showed the highest positive
associations (r ~ 0.30) between predicted and actual values. SVMs tended to have lower
RMSE than DTE and PLMs, while DTE tended to have lower MAE than the other 2
models. PLMs tended to be worse than a prediction with a constant mean response of
the scores (R*< 0). Overall, the linear SVM algorithm achieved lower CV errors than

the other algorithms, and R? for all the models were small.

Table 3.2| Regression performance resulting from the prediction of the 11 cognitive
scores individually using multimodal MRI at age 7 for both children living with and
without HIV. Lowest RMSE and MAE, and high r and R?for the best algorithm among
PLMs, SVMs, and DTEs is given in bold.

Cognitive  Model RMSE MAE T R? Algorithm with
test category lowest CV errors
Learning PLM 4.18 3.03 -0.44 -0.05
SVM 3.96 3.02 0.34 0.10 Linear SVM
DTE 4.16 3.02 0.30 0.01
Planning PLM 6.02 5.11 0.03 -1.45
SVM 3.87 3.28 0.04 0.00 Linear SVM
DTE 3.96 3.26 0.04 -0.04
Simultane- PLM 3.98 3.16 -0.25 -0.02
ous pro- SVM 4.02 3.20 0.10 0.00 Bagged DTE
cessing DTE 4.00 3.15 0.20 0.01
Sequential PLM 5.17 4.28 -0.10 -0.92 Linear SVM

processing SVM 3.56 3.01 0.03 0.11
7



--Table 3.2 continued--

DTE 3.77 3.17 0.03 0.00

Beery-VMI PLM 1.58 1.25 -0.54 -0.07
SVM 1.52 1.20 0.28 0.04 Linear SVM
DTE 1.55 1.22 0.20 0.00

PPVT PLM 15.50 11.17 0.02 -1.24
SVM 16.28 11.57 0.31 0.00 Linear SVM
DTE 16.32 11.49 0.28 0.00

SET PLM 2.61 2.15 0.07 -0.30
SVM 2.32 1.87 0.10 0.00 Bagged DTE
DTE 2.16 1.67 0.30 0.14

TOVA PLM 2.40 1.99 -0.24 -0.01

API SVM 2.37 1.91 0.12 0.03 Bagged DTE
DTE 2.32 1.91 0.11 0.07

PPT Pre- PLM 1.77 1.45 -0.28 -0.02

ferred SVM 1.58 1.28 0.19 0.20 Linear SVM
DTE 1.70 1.37 0.21 0.09

PPT non- PLM 1.64 1.29 -0.41 -0.03

preferred SVM 1.64 1.30 0.05 0.00 Linear SVM
DTE 1.64 1.30 0.18 -0.01

PPT Both PLM 1.69 1.38 -0.22 -0.49

hands SVM 1.39 1.09 0.29 0.03 Linear SVM
DTE 1.41 1.11 0.26 0.00
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3.3.4.Comparison of classification performance between SVM,
DTE and PLM models

Children were assigned to either the poorer performers or better performers cluster.
These labels were used to train the SVM, DTE, and PLM supervised learning classifiers.
Since there were two main clusters, we also computed sensitivity and specificity of the
classifiers at the optimum cut-off point, i.e., the point closest to true positive rate of 1
and false positive rate of 0. Similar to the regression models, the classification analyses
using the children living with and without HIV separately were performed with 5-fold
CV, and the models resulted in poor classification performances. For children living with
HIV (n = 24 poorer vs 24 better performing children), we could only achieve AUC of
0.55-0.61 (supplementary Table B.4). And for children without HIV (n = 16 poorer vs
25 better performing children), AUC was 0.53-0.57 (supplementary Table B.5).

Across all subjects (n = 40 poorer vs 49 better performing children) after predicting
category memberships using the three techniques, the best performing model was linear
SVM with classification performance metrics: 0.83 AUC, 74% accuracy, 70% specificity,

85% sensitivity. RUS boosted trees (DTE) and lasso PLM have generalised performances

of 0.78 and 0.71 AUC, respectively (Table 3.3). The diagnostic ability of each classifier

with varying discrimination threshold is presented in Figures 3.6A-D.

Table 3.3| Classification performance of SVM, DTE, and PLM. Linear SVM (in bold)
has the best generalised performance.

Technique AUC Sensitivity =~ Specificity Accuracy Balanced Relevant
(%) (%) (%) accuracy  Features
(%0)*
SVM 0.83 85 70 74 78 40
DTE 0.78 72 73 71 73 48
PLM 0.71 70 65 65 68 45

*Balanced accuracy was computed due to imbalances in category memberships. It is the arithmetic mean

of sensitivity and specificity.
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3.3.5.Relevant features selected for the best prediction model

Since the regression performance of the individual scores was poor in general and the
scores could be better predicted with a constant mean response, we did not look at the
relevant neuroimaging features. Here, we present the relevant features extracted for the
classification models, i.e., prediction of poorer performers versus better performers com-
prised of both children living with and without HIV.

There were 40 relevant features out of 489 total neuroimaging predictors obtained via
SVM-RFE when we predicted categories of overall cognitive performance. For the other
models, there were 48 features from DTE (supplementary Table B.6), and 45 from PLM
(supplementary Table B.7). All 40 features from the best prediction model (SVM-RFE)
were included in the other models, and there was a total of 49 unique features used by
the three prediction models. We present the 40 relevant features in Table 3.4 and Figures
3.7TA-F. None of the non-imaging measures were relevant features in the prediction of

the cognitive score categories.

Table 3.4| Feature ranking of the 40 relevant features from the best
performing modality (linear SVM) obtained via SVM-RFE.

Feature Weight* x 107*
Right pallidum volume 293.20
LH precentral volume 163.50
Left lateral ventricle volume 52.00
Right cerebellum white matter volume 36.69
RH middle temporal mean curvature 36.04
LH pars triangularis mean curvature 34.06
RH cerebral white matter volume 21.49
RD in left inferior longitudinal fasciculus 20.04
Right superior frontal volume 19.42
LH cerebral white matter volume 16.26
Left superior parietal area 18.71
Right paracentral volume 14.74
Left accumbens area volume 14.44
RH mean thickness 14.27
Left frontal pole area 13.95
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--Table 3.4 continued--

Right postcentral volume 13.44
Left cuneus thickness 13.18
Left supramarginal volume 12.71
Left thalamus proper volume 12.24
Left supramarginal thickness 11.95
Right fusiform volume 11.75
Right transverse-temporal volume 11.48
CC anterior volume 10.96
AD in left uncinate fasciculus 10.81
Right para-hippocampal volume 9.98
CC posterior volume 9.26
Right isthmus cingulate volume 9.18
Left superior parietal volume 8.94
Left lingual volume 8.26
Left inferior lateral ventricle volume 8.14
Left frontal pole volume 8.08
Left hippocampus volume 6.95
Left caudate volume 6.47
Right temporal pole LGI 5.66
CSF volume 4.94
Left pallidum volume 4.72
Left sulcal banks volume 4.72
CC mid-posterior volume 4.43
CC central volume 2.61
Right amygdala volume 2.58

*Weights or coefficients in the final SVM model after recursive feature elimination
Abbreviations

LH - left hemisphere,

RH - right hemisphere

CSF - cerebrospinal fluid

CC - corpus callosum

LGI - local gyrification index

83



A|RIGHT HEMISPHERE

Right transverse temporal volume - Right isthrmus cingulate volume - Right para-hippocampal volume - Right temporal pole LGI - Right fusiform velume

- Right postcentral volume - Right para-central volume - Right superior-frontal volume - Right middle temporal curvature

B| LEFT HEMISPHERE

Left supramarginal volume & thickness - Left lingual volume

- Left pars triangularis curvature - Left sulcal banks volume

- Left frontal pole area & volume - Left superior parietal valume & area

Left cuneus thickness Left precentral volume
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C|OTHER REGIONAL & NON-CORTICAL sMRI MEASURES VOLUMES

- Left lateral ventricle - Left pallidum - Right pallidum - Left caudate . Left hippocampus
Left thalamus proper . i
Right cerebellum white matter . C€C posterior . - CC antsriar - Right amygdala
Corpus callosum (€C) . Left accumbens area - Left inferior lateral ventricle - CC posterior . CSF

mid-posterior

D | WHITE MATTER TRACTS

- RD in right inferior longitudinal fasciculus {ILF) - AD in left uncinate fasciculus (UF)

Figure 3.7| Illustration of the relevant regions selected usig SVM-RFE. The subfigures are A—sMRI cortical measures in the right
hemisphere (9 features), B—sMRI cortical measures in the left hemisphere (11 features), C—other sMRI regional and non-cortical
measures,/volumes (15 features), and D—relevant white matter tracts (2 features). The features also include mean area and thickness of

the right hemisphere regions as well as left hemisphere cerebral white matter volume (3 features).
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3.4 Discussion

In summary, we found that (1) PLMs did not outperform SVMs and DTEs in predicting
cognitive abilities from multimodal neuroimaging; (2) neuroimaging could predict cate-
gories of cognitive performance more accurately than it did individual cognitive scores;
and (3) there was an identifiable subset of multimodal neuroimaging predictors of cog-
nitive abilities in children. Predicting individual cognitive scores led to small training
and fitting errors but high generalised errors. Overall, the regression models resulted in
low to moderate out-of-sample correlations between actual and predicted scores; they
did not perform significantly better than using a constant mean response of the scores
to predict unseen data. Further, our hierarchical clustering analysis resulted in two main
groups of overall cognitive performance, which comprised better and poorer performing
children living with and without HIV. Our classification models using these poorer versus
better cognitive performance categories resulted in AUC of 0.71-0.83, accuracies of 65—
74%, sensitivities of 70-85%, and specificities of 65-73%, with SVMs being the best
performing algorithm in terms of AUC, and PLMs having the lowest predictive perfor-
mance among the 3 models. Lastly, we identified 40 relevant predictors of overall cogni-
tive performance categories out of 489 candidate imaging measures, which included cor-

tical and subcortical volumes and diffusivity in select white matter tracts.

Regression performance: predicting continuous cognitive scores

Previous studies have found weak to moderate associations (Pearson’s r between actual
and predicted value) predicting paediatric cognitive abilities from sMRI (0.25 < r < 0.40)
(Pan et al., 2018; Yao et al., 2023), and resting-state fMRI (0.09 < r < 0.37) (Sripada
et al., 2021; Sripada et al., 2020). In the comparison of different algorithms, Pat et al.
(2022) achieved -0.01 < r < 0.6 with task-based fMRI and Yuan et al. (2022) using a
combination of sSMRI, DTI and resting-state fMRI achieved -0.84 < r < 0.8. We com-

bined sMRI, 'H-MRS, and DTI as potential sources of information for cognitive abilities,
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since it has been shown that integrating MRI modalities boosts reliability and prediction
of cognitive ability in children (Rasero et al., 2021). In line with this literature, our
multimodal MRI model predictions had weak to moderate associations with actual cog-
nitive abilities (0.2 < r < 0.34). However, there were differences in findings between this
study and that of Pat et al. (2022) and Yuan et al. (2022) when comparing the perfor-
mance of PLMs, DTEs, and SVMs. For example, Yuan and colleagues (2022) found the
highest R? values on the validation sets among the models being 10.92% explained vari-
ance (ridge regression) and 10.74% (elastic net regression). These are both PLMs,
whereas our best performing regression models were with linear SVMs; i.e., cross-vali-
dated R? = 20% for motor skills via PPT preferred hand, and 14% for categorical fluency
score. Pat and colleagues (2022) also found the elastic net regression performing similar
to or better than the other algorithms. There were possible differences between this
study and theirs which may explain contrasting results, such as the use of fMRI brain
measures, executive function (inhibitory response/stop-signal reaction time) prediction,
and large sample sizes. Although Yuan and colleagues (2022) used multimodal MRI, the
stop-signal task activation data expectedly dominated in estimating stop-signal reaction
time compared to DTI and morphometric MRI data. Moreover, compared to our sample
size of 132 children of which 89 was usable, both studies used the Adolescent Brain
Cognitive Development (ABCD) datasets with more than 3500 subjects.

Earlier paediatric studies (Burgaleta et al., 2014; Karama et al., 2011; Khundrakpam et
al., 2017; Lee et al., 2017; Ramsden et al., 2011; Short et al., 2013) have also associated
neuroimaging measures and cognitive ability, however, these associations were done
within-sample, i.e., not tested on unseen data. The associations were an inference anal-
ysis between a single neuroimaging variable and cognitive performance measure, and any
strong correlation found may be optimistic or biased upwards. As such, findings within-
sample should be interpreted with caution. In this study, we estimated both in-sample

and out-of-sample errors using resubstitution validation and 10-fold cross validation
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(Kohavi, 1995), respectively. Lower resubstitution errors, which we found here, tend to
suggest that the models will predict unseen data poorly, since it may be clear evidence
for overfitting, where a model fits perfectly to the training data, capturing “noisy” pat-
terns in the sample, then fails to generalise (Jollans et al., 2019; Paulus et al., 2019).
This is a particular problem in small sample datasets, such as ours, although it does
occasionally occur in large samples as Yuan and colleagues (2022) found in their analyses.
The best way to assess prediction models is how they perform on unseen data, instead
of training or fitting errors. However, using cross-validation, small sample sizes tend to
lead to large error bars across folds and reported prediction accuracy often decreases as
sample size increases (Varoquaux, 2018). We notice this in our models which have high
generalised error rates, despite the typical correlation strengths, r’s, between actual and
predicted scores. We also observe in the plots of predicted versus actual scores that for
data points at the more extreme edges of the range, the predicted scores err towards the
mean of the sample, suggesting that in the small sample there was no sufficient varia-
bility to capture the upper and lower ranges of scores. For this reason, we found that
the models do not perform significantly better than prediction using a constant mean
response (low validation R?* values). Models with low and negative validation R? are
frequently seen in machine learning studies; it indicates that the models do not generalise

well (Yuan et al., 2022).

Classification performance: hierarchical clustering and prediction of cognition
categories

The prediction or classification of categories of cognition using machine learning algo-
rithms and neuroimaging data is not as widespread in the literature as predicting con-
tinuous values (e.g., Pat et al. 2022; Yuan et al., 2022). Classification tends to be disease
specific, i.e., a major medical or psychiatric disorder exists and there is an established
clinical cut-off criterion. For example, the classification of infant cognitive and motor

impairment using logistic regression and DTI data achieving AUC, sensitivity, and
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specificity greater than 86% (Schadl et al., 2018); prediction of ADHD diagnostic cate-
gory in young children using a linear SVM classifier on sMRI cortical measures with 50—
61.2% accuracy (Oztekin et al., 2021); and classification of autism spectrum disorder
from rs-fMRI functional connectivity, achieving highest accuracy of 71% with kernel
SVM (Lanka et al., 2020). Moreover, a recent study predicting various mental disorders
in children achieved poor performances, the best model boosted trees could only classify
ADHD (0.57 AUC, 56% accuracy) and bipolar disorder (0.55 AUC, 56% accuracy) from
sMRI measures with statistically significant prediction performance (Gaus et al., 2023).
This may be due in part to the need for classification to be clinically informative or
diagnostic, independent of confounding variables, and assessed thoroughly for perfor-
mance and generalisability (Nielsen et al., 2020). Consequently, cognitive score cut-offs
where children are cognitively impaired/delayed or display ADHD tendencies or autism
spectrum behaviour are established to a certain extent. But it is more challenging to
define categories of cognition in the general population where there is no neurodevelop-
mental disorder, and the risk is the resulting categories being somewhat arbitrary.
Some cognitive assessment batteries have cut-off scores that indicate a threshold for
diagnosis of developmental delay or cognitive impairment, or degrees of cognitive deficit.
For example, negative values for the attention performance index on the TOVA are
associated with ADHD (Leark et al., 2004), and a value of less than 70 on the full scale
intelligence quotient of the Wechsler intelligence scale for children (WISC) is a cut-off
for intellectual deficiency (Na & Burns, 2016). Other batteries like KABC (Kaufman &
Kaufman, 2014) and Beery-VMI (Beery & Beery, 2004) have descriptive categories, i.e.,
whether the child’s score lies in the low, average, upper average, or high range in the
distribution of raw scores among his or her peers of the same age—based on normative
data validated extensively in the United States and other high-income settings.

These categories may not translate to the South African context or low-SES households

and communities (Harris et al., 2021; Mitchell et al., 2017). Because we wished to identify
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categories of generally high and low performers across all tests rather than performance
on individual tests, we implemented hierarchical clustering. Although creating artificial
categories out of continuous data is not ideal because information is lost, predicting
continuous scores is difficult and the cognitive data can be subject to unwanted varia-
tions in scoring, e.g., mood and fatigue. Creating categories by clustering across all the
available testing dimensions may be more robust to this effect, and to our knowledge
this has not been previously done in paediatric HIV. However, Paul and colleagues (2022)
implemented a similar approach by using hierarchical clustering to divide their adult
HIV cohort into 5 cognitive phenotypes and used ensemble methods to classify the re-
sulting categories of performance with reasonable accuracies. We found 2 main categories
in our sample, “poorer performers” and “better performers”. For comparison to the ex-
ternal normative data, the poorer performers were characterized by low to below average
scores in attention (closer to the ADHD sample), learning, and language, while the better
performers had average to above average scores compared to their peers at the same age
(Beery & Beery, 2004; Kaufman & Kaufman, 2014; Leark et al., 2004).

By reducing the regression problem treating each domain separately into a classification
problem encompassing all domains simultaneously, we could predict these categories
using multimodal MRI and machine learning algorithms with performance metrics as
high as 0.83 AUC, 74% accuracy, 85% sensitivity, and 73% specificity. This classification
performance is similar to that achieved for predicting risk of cognitive impairment
(Schadl et al., 2018), ADHD categories (Oztekin et al., 2021), autism spectrum disorder
(Lanka et al., 2020), and developmental delay (Ouyang et al., 2020). However, these
studies are different to ours in that they used individual modalities, so were not multi-
modal in nature, and generally had larger sample sizes (102—988 children). Further, the
predicted categories in these studies were based on, for example, a clinician determining

diagnosis of ADHD and autism from symptoms, behaviour disrupting scales, and parent
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interviews, while our approach implemented a data-driven clustering on multiple cogni-

tive domains to help us “diagnose” poorer and better cognitive performance.

Theoretical virtues of PLMs, SVMs, and DTFEs
In the classification models using both children living with and without HIV, SVMs (0.83

AUC and 74% accuracy) and DTEs (0.78 AUC and 71% accuracy) perform on par, with
SVMs having a slight edge, while PLMs (0.71 AUC and 65% accuracy) tended to have
the lowest performances. Unlike PLMs, SVMs and DTEs can model the relationship
between response and predictions non-linearly as well as consider the interactions
amongst them (Deshmukh et al., 2020; Scholkopf & Smola, 2018). Since linear SVMs led
to the best models, non-linearity between categories of cognition and multimodal MRI
variables cannot explain the discrepancy. A possible reason may be the ability of SVMs
and DTEs to consider interaction effects between features, while PLMs like lasso have
serious limitations in this respect (Jain & Xu, 2021). Nevertheless, PLMs have the ben-
efit of being easier to interpret (Molnar, 2020), for example, researchers can directly
measure the importance of each predictor by interpreting its weight or coefficient in the
model. Moreover, we noted that PLMs, SVMs, and DTEs did not have statistically
different prediction residuals in the regression models, i.e., root mean squared and mean
absolute errors, but how closely the predicted values followed the trend of the actual
values as measured by Pearson’s r was dissimilar. Linear SVMs and bagged DTEs tended
to have stronger correlation strengths than PLMs (typically lasso regression models).
The modelling of interactions effects may likewise explain this difference in performance.
It was, however, surprising to find PLMs performing poorly, given other studies in chil-
dren have reported good regression performances using ridge, lasso, and elastic net re-
gressions on fMRI data to predict cognitive outcomes (Pat et al., 2022; Yuan et al.,
2022). We contend using fMRI may have driven either the good performance (Yuan et

al., 2022) or the performance on a par with SVMs and DTEs (Pat et al., 2022). This is
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further evident in the literature where regression models are improved by using fMRI
measures (Vieira et al., 2022).

We implemented Bayesian optimization for finding hyperparameters for each model,
which allowed the training of multiple models at the same time and selecting the best
PLM, SVM, and DTE algorithms to compare. Among the PLMs, lasso regression models
(Tibshirani, 1996) tended to perform better than the other penalisation techniques when
it came to classification. We suspect the reason to be that ridge regression is superior if
there are many parameters of about the same value influencing the response, elastic net
regression is very useful when there are many correlated predictors and leads to a group-
ing effect for the highly correlated variables, while lasso regression works when there is
truly a significant subset of predictors impacting the target (Greenwood et al., 2020). As
previously mentioned, the linear SVM kernel performed better than gaussian, quadratic,
and cubic kernels. This suggests the data is best separated by a linear decision boundary
rather than a non-linear one, therefore the data did not need to be transformed
(Scholkopf & Smola, 2018; Scholkopf et al., 2002). For DTEs, random under-sampling
boosted (RUSBoost) classifiers performed best, however not significantly better than
other bagged or boosted trees. This may be because our categories memberships were
not perfectly balanced, and RUSBoost is designed specifically to handle category imbal-
ances.

Additionally, another important metric to consider when choosing between these models
is the performance of feature selection (Khaire & Dhanalakshmi, 2022; Mwangi et al.,
2014). PLMs and DTEs integrate feature selection in the model building process while
SVMs require training with lasso regression to achieve embedded feature selection or
repeated training to remove the lowest weighted measures until the optimal subset is
obtained. We found the latter technique, SVM-recursive feature elimination, to be very
computationally expensive. However, it was successful in identifying important features

in the model. More neuroimaging studies have used embedded feature selection than
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SVM-recursive feature elimination because it yields the largest improvement in classifi-

cation (Khaire & Dhanalakshmi, 2022; Tohka et al., 2016).

Feature selection: implications of the brain-cognition biomarkers

Our multimodal predictors of overall cognitive performance via classification consisted
mainly of cortical and subcortical volumes (29 out of the 40 relevant predictors). Re-
gional volumes and cortical curvatures have previously been linked with fluid intelligence
(Li et al., 2019). Volume of the bilateral globus pallidum is one of the top multimodal
predictors in our classifiers. Bilateral globus pallidus volume has been positively corre-
lated with disease severity in children, adolescents, and adults with ADHD (Agoalikum
et al., 2023). Notably, our cluster of poorer performers had attention scores closer to the
ADHD sample. Globus pallidus controls conscious and proprioceptive movements, its
dysfunction has been linked to alcohol and opiate abuse, and studies have demonstrated
its involvement in numerous disorders, including ADHD (Frodl & Skokauskas, 2012).

We also found volumes of the left precentral gyrus, a region responsible for controlling
voluntary motor movement on the body’s contralateral side (Banker & Tadi, 2023), and
has been linked to neurodevelopmental differences in child and adult numerical cognition
(Skagenholt et al., 2021). Regional cortical morphometric measures like curvature, thick-
ness, and surface area were also predictors in our models. This is in line with previous
studies which have successfully used cortical morphology to predict cognitive perfor-
mance (e.g., Yao et al., 2023). An earlier study showed that more intelligent children
develop particularly plastic cortices, and their expression of intelligence is dynamic
(Shaw et al., 2006). A more recent study (Wu et al., 2022) using the ABCD dataset has
shown that cortical and subcortical morphology, e.g., temporal, parietal, and cingulate
cortex surface area predicts fluid intelligence with reasonable accuracy (r = 0.31). Dif-
fusivity measures in white matter tracts and metabolite concentrations are rarely asso-
ciated with cognition in both paediatric and adult literature (Vieira et al., 2022). There

was diffusivity in 2 white matter tracts—Ileft inferior longitudinal fasciculus and the left
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uncinate fasciculus (UF)—present in our prediction models. Previous studies have asso-
ciated cognitive performance of children, adolescents, and adults with diffusivity
measures in the inferior longitudinal fasciculus, bilateral superior longitudinal fasciculus,
left cingulum, and corticospinal tract (Hutton et al., 2020; Raja et al., 2022). White
matter integrity of the UF has also been associated with children’s verbal memory pro-
ficiency, memory retrieval, reward and valuation computation (Olson et al., 2015). Both
tracts were in the left hemisphere which is typically responsible for language and learning.
This suggests that white matter integrity and microstructural changes play a role in
cognitive performance. Finally, we did not find any MR spectroscopic predictors as rel-
evant predictors of cognition, although a study in adults has provided evidence that
concentrations of glutamate, creatine, and N-acetyl-aspartate in the cingulate cortex are
associated with verbal fluency, episodic memory, and other aspects of cognitive perfor-
mance in adults (Oeltzschner et al., 2019), also demonstrating the importance of inclu-

sion in predictive models.

Limitations and recommendations for future research

The number of children who completed all cognitive assessments and had good quality
multimodal MRI datasets was 89, which although larger than the median sample size in
neuroimaging studies, is much less than the recommended amount for good prediction
and replicability (Marek et al., 2022). Sample size considerations limited the inclusion of
other imaging predictors which were available for some of the sample, namely resting-
state fMRI and '"H-MRS in basal ganglia and peritrigonal white matter, which may have
been able to capture other neural representations of cognitive performance. PLMs also
failed to converge to a solution when the children living with and without HIV were
analyses separately due to a low sample. It is a challenge to acquire good quality MRI
scans in children, because of their inability to lie still for extended periods of time.

Non-imaging predictors included in this study are limited to age at scan, sex, birthweight,

and HIV status (in the analyses across all subjects). Linn and colleagues (2016) argued
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that non-imaging confounders ought to be incorporated as predictors in the model in-
stead of being estimated jointly with the imaging variables. These non-imaging variables
were included as candidate predictors despite not being confounders. Age being a non-
confounding variable was not surprising as large cohort studies have also found limited
evidence for interaction effects between HIV and age on cognitive performance in the
adult HIV literature (Valcour et al., 2011). However, sex distribution has been previously
reported to contribute to the frailty observed in adult HIV (RH. Paul et al., 2018). In
our paediatric cohort, neither age nor HIV status were associated with the individual
scores nor significantly different between poorer and better performing groups of children.
The regression and classification models for children living with and without HIV re-
sulted in poor performances, as such we could not compare how brain-cognition relation-
ships differed between these groups.

Socioeconomic status variables were not, however, included as confounders. A recent
cross-sectional study of 11,875 children aged between 9 and 10 found an association
between neighbourhood poverty, prefrontal and hippocampal volume, and cognitive per-
formance (Taylor et al., 2020). As such, we recognise that objective measures of SES
such as household income may predict both brain development and cognitive perfor-
mance and are therefore worth including in future regression or classification models.
Similarly, behavioural problems or personal-social cognition, which have been shown to
contribute substantially to academic achievement and development as well as carry more
implications for interventions in children especially in the context of HIV and low-SES
communities (Cockcroft & Cassimjee, 2020; Gabbidon et al., 2020) were not assessed in
this study. Future studies may benefit in including them in the calculation of overall
cognitive performance. Although information is lost in the creation of categories from
continuous data, the use of clustering to represent overall cognitive performance is worth
further exploration, especially when clustering algorithms like agglomerative hierarchical

clustering often yields local minima based on the sample characteristics and not
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necessarily the best solution overall. It may be of interest to compare clusters identified
using the hierarchical clustering method with those resulting from other algorithms such
k-Means, k-Medoids, k-Nearest neighbour search and radius search clustering (Saxena
et al., 2017), or spectral clustering (Tremblay & Loukas, 2020).

Only a single, non-nested cross validation (CV) was used for Bayesian optimization of
the model hyperparameters and measuring generalisation performance, while other stud-
ies have implemented nested CV to avoid overfitting during training. In nested CV,
hyperparameter selection is performed in an inner cross-validation loop which prevents
data leak into the models. However, it is much more computationally expensive than
non-nested CV. Although the performance measures may therefore be optimistic, a re-
cent study has demonstrated that using in practice nested CV is probably not greatly
advantageous over the less computationally costly non-nested CV when selecting
amongst models that have fewer hyperparameters to tune (Wainer & Cawley, 2021).
Lastly, our study is limited to neuroimaging measures at age 7, while changes in brain
measures with maturation may be more indicative of cognitive performance than static
measures at a single timepoint. Interactions between brain regions should also be con-
sidered, as measures of connectivity have been found to be indicative of performance in
fMRI studies (Pat et al., 2022; Yuan et al., 2022). Another consideration is predicting
future cognition instead of prediction at the same age, which has been achieved with
high levels of accuracy over a 2-year period in some studies (Adeli et al., 2019; Girault
et al., 2019; Khundrakpam et al., 2022; Ouyang et al., 2020; Ullman et al., 2014). In the
next chapter, we investigate the prediction of cognitive performance 2 years into the
future using earlier multimodal MRI neuroimaging and cognitive scores. This is very
important, since the ability to predict future cognitive performance can be used for

implementation of early targeted interventions in children with cognitive difficulties.
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4

Multimodal magnetic resonance neuroimaging at age 7 pre-
dicts categories of overall cognitive performance at age 9

better than cognitive testing

Chapter 4:

e [s it possible to predict cognitive performance at age 9 using neuroimaging
and/or cognitive data from age 77

e Is multimodal MRI better than cognitive scores at predicting subsequent
cognitive performance?

e Does using current and historic multimodal MRI (at 2 timepoints) im-

prove prediction of cognitive performance?

Abstract

It is important to understand the relationship between neuroimaging measures and fu-
ture cognitive outcomes of children from low-socioeconomic status (SES) backgrounds
to implement appropriate interventions. However, in order to be of value, neuroimaging
needs to provide information that is not readily obtainable by less expensive means. We
therefore aimed to (1) predict future cognitive performance in children by using Bayesian
optimised, cross-validated (CV) support vector machines and support vector regression
(SVMs and SVR) on a combination of structural magnetic resonance imaging (sMRI),
diffusion tensor imaging (DTT), and proton magnetic resonance spectroscopy (‘H-MRS),
and (2) determine whether neuroimaging offers any predictive advantage compared to
predicting future performance using earlier cognitive scores.

Our study population comprised 132 children from low-SES communities, who were as-
sessed at ages 7 and 9 years. Cognitive performance in the domains of learning, language,

visual-motor integration, attention, and executive function was assessed using the
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Kaufman assessment battery for children (KABC), Beery-Buktenica developmental test
of visual-motor integrations (Beery-VMI), test of variables of attention (TOVA), Purdue
pegboard test (PPT), and the Peabody picture vocabulary test (PPVT) at ages 7 and 9
years. Hierarchical clustering was implemented to group the children into poorer and
better performance categories at age 9. Accuracy, specificity, sensitivity, and area under
the receiver operating characteristic curve (AUC) were obtained for the 10-fold CV SVM
classification models. For prediction of continuous scores, regression performance was
assessed via 10-fold CV SVR errors, coefficient of determination (R?), and Pearson’s r
between actual and predicted values.

We could classify poorer and better performers at age 9 with 70-77% accuracy, 70-81%
specificity, 71-79% sensitivity, and 0.75-0.81 AUC using multimodal MRI and cognitive
scores at age 7. Further, we could predict scores for auditory working memory (R? =
0.75, r = 0.45), short-term memory (R* = 0.43, r = 0.62), visual-motor integration (R?
= 0.26, r = 0.39), and executive reasoning (R? = 0.33, r = 0.27) with moderate to strong
Pearson’s r. Cortical morphology, subcortical volumes, neurometabolite concentrations,
and diffusivity in select white matter tracts were relevant in the prediction model, sug-
gesting that multiple MRI modalities and features should be considered simultaneously

to establish correlates of overall cognitive performance.
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4.1 Introduction

Discovering neural correlates of cognitive processes, such as problem-solving, attentional
control, decision-making, working memory, language, and general intellectual function-
ing can help improve neurodevelopmental outcomes of children with cognitive difficulties
by (i) identifying indicators, risk factors, or biomarkers of cognitive impairment, (ii)
understanding the developmental course of cognitive plasticity, and (iii) enabling the
development of targeted interventions that can modulate brain networks or regions as-
sociated with cognitive functions (Buzzell et al., 2020; DeCicco et al., 2012; Meyer et al.,
2014). Therefore, it is very important to understand relationships between cognitive
abilities and neuroimaging measures as early as possible during childhood development.
Previous studies in children have found associations ranging from weak to strong be-
tween cognitive skills and regional cortical thickness (Bathelt et al., 2018; Brito et al.,
2017; Habeck et al., 2020), cortical gyrification and sulcal morphology (Chung et al.,
2017; Gregory et al., 2016; Tissier et al., 2018), regional and subcortical volumes (Du et
al., 2022; Taylor et al., 2020; Ziegler et al., 2013), fractional anisotropy and mean diffu-
sivity (Farah et al., 2020; Hutton et al., 2020; Raja et al., 2022), and neurometabolite
concentrations (Oeltzschner et al., 2019; van Dalen et al., 2016). Many of these efforts
have relied on univariate statistical inference techniques, such as correlational analysis
and generalised linear models, to find relationships between individual brain measures
and cognition measured cross-sectionally at the same timepoint. However, predictive
modelling, where models are trained using a machine learning algorithm on combinations
of current and/or historic neuroimaging measures to estimate unseen data/future cogni-
tive outcomes, may reveal further insights into the neurobiological basis of cognition, as
well as enable earlier identification of children who may benefit from intervention. There
is therefore potential to use advances in interpretable machine learning algorithms and
multimodal neuroimaging in our endeavour to improve neurodevelopmental outcomes of

children worldwide.
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In recent years, several studies have performed multivariate predictive modelling with
various cross-validated learning algorithms and longitudinal neuroimaging in children.
For example, predicting over a 2-year period: language scales using multi-task multi-
linear regression on cortical thickness, mean curvature, and sulcal depth (Adeli et al.,
2019); executive function using random forest regression on cortical thickness measures
(Khundrakpam et al., 2022); as well as general intellectual functioning and deep learning
on white matter connectomes at birth (Girault et al., 2019). Support vector machine/re-
gression (SVM/R) is one type of supervised learning algorithm (Cortes & Vapnik, 1995),
known for its utility in solving classification and regression problems. The goal of SVM /R
is to find hyperplanes in n-dimensional space (n is number of predictors/features) with
the largest margin, i.e., the distance between the hyperplane and closest data points
from each category. The hyperplane maximally separates the categories in the training
dataset and can be used to determine how new data points can be categorised (Scholkopf
& Smola, 2018; Scholkopf et al., 2002). In the literature, SVM/R models have been used
to predict paediatric cognitive performance at least 2 years into the future with moderate
accuracies (Ouyang et al., 2020; Ullman et al., 2014). Ouyang and colleagues (2020)
could predict cognitive behaviour of neonates at age 2 from whole-brain white matter
cortical microstructure at birth. Although the study used a single neuroimaging modality,
it was possible to predict developmental delay with reasonable accuracies between 60
and 77%. The earlier study by Ullman et al. (2014) employed a combination of structural
and functional brain measures of 6 to 20-year-olds to predict scores of reasoning and
working memory, achieving correlations of 0.29 < r < 0.64 between actual and predicted
scores.

In our study, we aimed to use SVM/R and multimodal MRI neuroimaging collected at
two timepoints to predict future cognitive scores as well as categories of cognition
(“poorer performers” versus “better performers”) of children from low-socioeconomic sta-

tus (SES) backgrounds. We acquired structural MRI (sMRI) volumes, thickness,
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gyrification, area, and curvature; diffusion tensor imaging (DTI) fractional anisotropy,
mean diffusivity, radial diffusivity, and axial diffusivity; as well as magnetic resonance
spectroscopy (*H-MRS) concentrations of choline, N-acetyl aspartate, creatine, and other
neurometabolites at ages 7 and 9 years. Cognitive abilities in the domains of learning,
planning, executive function, attention, motor coordination, language, and visual-motor
integration were assessed at both ages using a battery of standardised tests; these cov-
ered all the domains that share a bidirectional link with academic skills (Lovden et al.,
2020; Peng & Kievit, 2020).

To directly address our aim, we asked the following questions: (1) Is it possible to predict
cognitive performance at age 9 using only neuroimaging and/or cognitive data from age
7?7 (2) Is multimodal MRI neuroimaging better than historic cognitive scores at predict-
ing subsequent cognitive performance? (3) Does using current and historic multimodal

MRI neuroimaging, i.e., at 2 timepoints, improve prediction of cognitive performance?
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4.2 Material and methods
4.2.1.Study population

The study included 132 children (demographics: supplementary Table B.1) from low-
socioeconomic status communities in Cape Town, South Africa, who were part of a
follow-up longitudinal neuroimaging and cognitive study after the conclusion of the chil-
dren with early antiretroviral therapy (CHER)? trial in 2011. The longitudinal follow-
up study enrolled children with perinatally-acquired HIV from the CHER trial, as well
as HIV negative, age, and community-matched children; some from a connected pneu-
mococcal vaccine trial (Madhi et al., 2010) and others that were involved in a CHER
neurodevelopmental sub-study (Laughton et al., 2018). Eligibility criteria included: doc-
umented HIV status of child, mother, or caregiver; child’s home language either isiXhosa,
English, or Afrikaans; no history of head injuries, birth complications, learning disability
or major psychiatric disorder that may affect cognitive performance; and child’s birth-
weight > 2000g.

A subset of 69 participants in the current study were therefore virally suppressed, asymp-
tomatic children living with perinatal HIV, and the other 63 participants were children
without HIV. This is reflective of the fact that low-SES communities in South Africa are
disproportionately affected by HIV (Cleary et al., 2011). We have previously reported
on potential multimodal neuroimaging biomarkers that can distinguish children living
with HIV from those without HIV (Khobo et al., 2022), and van Wyhe and colleagues
(2021) have presented group-wise comparisons of the children’s cognitive data. Based on
the analyses performed in the previous chapter on the children living with and without
HIV separately, for the purpose of predicting cognitive outcomes from multimodal neu-

roimaging, the cohort was treated as a single homogenous group without considering

2 The CHER randomised trial found that early treatment reduced mortality and HIV disease progression (Cotton et
al., 2013; Laughton et al., 2012; Violari et al., 2008)
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HIV status (except whether it is a confounding variable or a predictor of cognitive per-

formance).

4.2.2.Data acquisition

The study was approved by the Human Research Ethics Committee of the University of
Cape Town (HREC ref: 453/2021). The children were familiarised with the imaging
process with a mock scanner and were given practice tests before the cognitive assess-
ments. Written consent was given by parents or guardians, while oral assent was granted

by the children.

Magnetic resonance neuroimaging

The children were scanned at the Cape Universities Brain Imaging Centre (CUBIC) at
age 7 (7.01 — 7.70 years, mean age + sd = 7.22 + 0.13 years) on a 3 Tesla Magnetom
Allegra with a single channel head coil and at age 9 (8.99 — 10.31 years, mean age +
sd =9.42 4 0.41 years) on a 3T Skyra MRI scanner (Siemens, Erlangen, Germany)
with a 32-channel head coil. We performed neuroimaging without sedation with single
sessions lasting under 60 minutes.

The protocol on both scanners included a high-resolution 7}-weighted multi-echo mag-
netization prepared rapid gradient echo (MEMPRAGE) sequence (van der Kouwe et al,
2008), a twice refocused spin-echo (TRSE) sequence to acquire 2 diffusion-weighted (DW)
datasets, and point resolved spectroscopy (PRESS) sequence for single voxel spectros-
copy (SVS) data acquisition, as well as chemical shift selective (CHESS) (Haase et al.,
1985) water suppression. On the Allegra, the SVS (Hess et al., 2011) and DTI (Alhamud
et al., 2012) sequences included a 3-dimensional echo planar imaging (EPI) navigator for
prospective motion and shim correction throughout the acquisitions. The protocol pa-

rameters at each age are provided in Table 4.1.
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Table 4.1] Protocol parameters for MEMPRAGE, TRSE, and PRESS on 3T Allegra scanner at age 7 years and 3T Skyra scanner at

age 9 years

Sequence

7 years (3T Allegra)

9 years (3T Skyra)

T1 MEMPRAGE

DTI TRSE

MFGM SVS PRESS

Sequences

TR = 2530ms,

TI = 1160ms,

TEs = [1.53, 3.19, 4.86, 6.53] ms,
FOV = 224x224x144 mm?,
voxel size = 1.3x1.0x1.0 mm?,
flip angle = 7°,

bandwidth = 657 Hz/px,

matrix size (resolution) = 224x168
144 slices

10000ms TR,

86ms TE,

244x244x144 mm? FOV,

2x2x2 mm?® voxel size,

1940 Hz/px bandwidth,

112x112 matrix size,

72 transversal slices,

4 non-DW by = 0 s/mm?

b; = 1000 s/mm?

30 diffusion directions,

opposite phase encodings (anterior-poste-

rior and vice versa, AP-PA)

2000ms TR

30ms TE

15x15x15 mm? voxel size
1000 Hz bandwidth

64 averages

Vector size 512

TR = 2530ms,

TI = 1100ms,

TEs = [1.69, 3.54, 5.39, 7.24] ms,
FOV = 224x224x176 mm?,
voxel size = 1.0x1.0x1.0 mm?,
flip angle = 7°,

bandwidth = 660 Hz/px,

matrix size (resolution) = 224 x224
176 slices

9800ms TR,

92ms TE,

244x244%x148 mm?* FOV,

2x2x2 mm? voxel size,

1518 Hz/px bandwidth,

122x122 matrix size,

74 transversal slices,

4 non-DW by = 0 s/mm?,

b; = 1000 s/mm?,

30 diffusion directions,

Phase encodings: AP-PA

2000ms TR

30ms TE

15x15x 15 mm? voxel size
1300 Hz bandwidth

64 averages

Vector size 1024

MEMPRAGE - multi-echo magnetization prepared rapid gradient echo, TRSE - twice refocused spin-echo, PRESS - point resolved spectroscopy

Acquisition parameters

TR - time of repetition, TI - time of inversion, TE - time of echo, FOV - field of view, by/bi (b-values) - reflects strengths or degree of diffusion weighting and

used to generate diffusion-weighted images.
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Cognitive testing

Cognitive assessment for this cohort at both ages has been previously described by van
Wyhe and colleagues (2021). Trained research assistants supervised by a licensed psy-
chologist obtained 11 cognitive scores from 6 cognitive batteries for each child around
his or her 7™ and 9™ birthdays, namely:

Kaufmann assessment battery for children—second edition (KABC-II),

1) learning — short-term memory score

\)

Planning — executive reasoning score

w

4

)

)

) simultaneous processing — visuospatial processing and problem-solving score

) sequential processing — auditory working memory score (Kaufman & Kaufman,

2014)

Test of variables of attention (TOVA),

5) attention performance index (API) — a score for how similar the attention perfor-
mance is to the ADHD profile — values closer and above zero indicate normal
attention and negative values indicate poor attention or attention comparable to

that of the ADHD sample (Leark et al., 2004)

Semantic fluency test (SFT),

6) category fluency (component of executive functioning) — a score of verbal gener-

ativity which is assessed via animal naming (Spreen & Strauss, 2006)

Beery-Buktenica developmental test of visual-motor integrations (Berry-VMI),

7) Visual-motor integration score — a measure for how individuals can integrate their

visual and motor abilities (Beery & Beery, 2004)

Peabody picture vocabulary test—fourth edition (PPVT-IV),

8) receptive vocabulary score (Dunn & Dunn, 2007)

Purdue pegboard test (PPT) — scores assessing hand dexterity,

105



9) preferred hand score
10) non-preferred hand score

11) both hands score (Spreen & Strauss, 2006).

We used scaled scores for KABC, TOVA, Beery-VMI, which represent where a child’s
raw score is in the distribution of raw scores among his or her peers at the same age
where the mean is 10 and the standard deviation is 3. For PPT, SFT and PPVT scores

we used raw scores as substantive normative data was not available.

4.2.3.Creation of categories reflecting overall cognitive perfor-
mance

For classification purposes, we sought to find natural clusters or groups of cognitive
performance at age 9 for this cohort, not only to identify children that score similarly,
but also to identify the lowest and highest scorers in overall cognitive performance. To
achieve this objective, we implemented an agglomerative (bottom-up) hierarchical clus-
tering algorithm (HCA) on the 11-dimensional cognitive score vectors, consisting of the
11 scores at age 9 for each child.

Agglomerative HCA starts with each child in his or her own cluster. Pairs of clusters
with the greatest similarity are then grouped iteratively until one large cluster remains
(Murtagh & Contreras, 2012, 2017). We used Euclidean distance as a similarity metric
to calculate the distances between the children’s cognitive score vectors, and group pairs
with the smallest distances. Clusters were then linked sequentially based on their dis-

tance, to form larger clusters using complete linkage (farthest neighbour method). Com-

plete linkage led to a monotonic cluster tree and achieved a high cophenetic correlation

coefficient (¢ = 0.72) compared to the other linkage methods (centroid, median, ward,

average, and single linkage), which either had lower ¢ or non-monotonic cluster trees.

To find the most dissimilar clusters, we analysed the resulting cluster tree (dendrogram
in Figure 4.1) of HCA by locating the links in the tree with the largest inconsistency

coefficient (¢): the ratio of the height (8) of the link to the average height of links that
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lie below it. There were 2 optimal clusters (¢ = 1.15), examination of the scores within
each of the 2 clusters revealed that they consisted of better and poorer performing chil-
dren respectively. The 2 clusters of overall cognitive performance were given the category
names better performers and poorer performers.

In the analysis of cognitive performance in this cohort, van Wyhe and colleagues (2021)
detected a main effect of time, with higher scores at age 9 than at age 7 for most outcome
variables (SFT, PPT, and PPVT) for both children living with and without HIV. How-
ever, Beery-VMI and KABC’s sequential processing scores had significant decreases from
age 7 to 9, and TOVA had no significant change among all subjects. The increase of
cognitive scores over time shows typical development, while a decrease of scores absent
any limiting factors in scoring is a sign of cognitive delay or impairment. For these two
cognitive scores (Beery-VMI and KABC’s sequential processing), we additionally created
2 categories for all subjects: decreased and did not decrease (the scores for each child
may have stayed the same or increased between age 7 and 9). We achieved this by taking
the difference in scores (e.g., Beery-VMI score at age 9 minus Beery-VMI score at age
7). The children with a negative result were assigned a decreased label and the rest the

did not decrease label.
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Dendrogram Cluster Tree of Cognitive Scores of 9-year old children from low SES

inconsistency coefficient (g) = 1.15
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Figure 4.1] A dendrogram (cluster tree) showing the result of hierarchical clustering algorithm applied on 11-dimensional cognitive score

vectors of children aged 9. Color-coded are two main clusters of poorer and better performers with a high level of consistency links.
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4.2.4.Neuroimaging feature creation and image pre-processing

FreeSurfer version 6.0 software (Dale et al., 1999; Fischl et al., 2002) was used to perform
cortical reconstruction and volumetric segmentation on the structural T1-weighted da-

taset. We calculated cortical thickness, area, mean curvature, volume, and local gyrifi-

cation index (LGI) for the 34 regions of the Desikan-Killiany (DK) atlas (Desikan et al.,
2006) in each cerebral hemisphere, resulting in a total of 5x(2x34) cortical structural
features. Furthermore, 47 subcortical and other non-cortical regions from automated
segmentation were included, including total volumes e.g., total white and gray matter
volumes.

Tortoise v.2.5.2 (Pierpaoli & Walker, 2010) was used for voxel-wise calculation of the
diffusion tensor as well as motion and field distortion corrections on the DW dataset.
Voxel-wise diffusivity measures on the dataset were computed using AFNI software (Cox,
1996). For each of the 20 white matter tracts in the Johns Hopkins University (JHU)

atlas (Mori, 2007), we calculated averaged values of fractional anisotropy (FA), mean

diffusivity (MD), axial diffusivity (AD), and radial diffusivity (RD). This resulted in

4x20 diffusion features included as candidate predictors.
LCModel version 6.1 (Provencher, 2001) was used to calculate the concentration of 11
metabolite concentrations and their ratios to total creatine. The metabolites were gluta-

mate (Glu), N-acetylaspartate (NAA), myo-inositol (Ins), choline (Cho), phosphocholine

(PCh), total choline (GPCPCh), creatine (Cr), phosphocreatine (Cr), total creatine

(CrPCr), glutamate plus glutamine (GluGln), N-acetylaspartylglutamate plus N-acety-
laspartate (NAAGNAA). In summary, we generated a total of 489 (340 cortical sMRI +
47 other sMRI + 80 DTI + 22 'H-MRS) candidate imaging features at each age to use

as predictors in the regression and classification models.
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4.2.5.Quality control and exclusion criteria

The cognitive assessments were administered in the children’s preferred languages and
video recorded for quality control. We excluded children who did not complete all com-
ponents of neuroimaging and cognitive assessments, and within the children living with
HIV, those who had detectable viral loads (>400 copies/ml) at the age of scan to main-
tain a homogenous sample with no acute illness. Images with dropout slices, large motion
artefacts, failed alignment to the brain templates were all excluded. Additionally, we
eliminated poor-quality 'H-MRS spectra (low signal-to-noise ratio, SNR < 6, and/or
broad linewidth, FWHM > 0.07 ppm). After quality control, any children with missing
data on any of the measures were excluded so that only children with complete neuroim-

aging and cognitive data at both age 7 and age 9 were included.

4.2.6.Statistical analyses
We performed the following analyses using MATLAB Statistics and Machine Learning

Toolbox, Software Release R2021a (MathWorks, Inc., 2021). We used 5 candidate da-
tasets for predictive modelling of cognitive scores at age 9. They were (i) cognitive scores
at age 7—CS7, (ii) multimodal MRI at age 7—AMAM7, (iii) cognitive scores at age 7
combined with multimodal MRI at age 7—CS7 + MM?7, (iv) multimodal MRI at age
9—NM9Y, (v) cognitive scores at age 7 plus multimodal MRI at ages 7 and 9—CS7 +
MM79.

To determine whether previous cognitive data or multimodal MRI offers better predic-
tion of future cognitive performance, we used SVM classification to predict cognitive
performance category and SVR to predict each of the 11 individual scores at age 9 using
each of the CS7 and MM7 datasets. We then used the combined dataset: CS7 + MM7
to investigate whether historic data can offer insights on future cognitive performance.
Next, we used MM9 models to explore whether current neuroimaging is better than

historic data at predicting cognitive performance. Finally, CS7 + MM79 was used to
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evaluate overall whether predictive performance of cognition is improved by multimodal

MRI at 2 timepoints.

Classification and regression performance

We employed SVM /R algorithm for the learning process. The goal of SVM algorithm is
to find a decision boundary or hyperplane in n-dimensional space (n, number of features)
where two or more categories can be distinguished, or in the case of SVR, the function
between input features and target variable can be approximated (Cortes & Vapnik,
1995). During training, Bayesian optimisation (Snoek et al., 2012) as part of the machine
learning toolbox was used to tune the best-point SVM /R hyperparameters: kernel func-
tion (transformation function, e.g., linear, polynomial, and gaussian, applied to input
features), kernel scale (controls scaling of the predictors being passed to the kernel func-
tion), box constraint (controls trade-off between allowing training errors or misclassified
points and forcing rigid parameters), and epsilon (defines margin of tolerance where the
errors/misclassified points are not penalised).

For validation, we implemented k-fold cross-validation (CV) (Kohavi, 1995) to estimate
how accurately the regression or classification models would perform on an independent
data set. We chose k = 10 folds for our relatively small sample size to avoid overfitting
and for stability (Tohka et al., 2016). Classification performance for the better perform-
ers versus poorer performers using the 5 datasets was assessed via cross-validation accu-
racy (percentage of correct predictions) and the area under the receiver operating char-
acteristic curve (AUC), an overall performance measure summarising the diagnostic abil-
ity of a classifier as its discrimination threshold is varied. We also calculated sensitivity
(true positive rate, TPR) and specificity (true negative rate, TNR) of the classifiers at
the optimum cut-off point (point closest to true positive rate of 1 and false positive rate
of 0) since there were 2 categories of overall cognitive performance, and both TPR and

TPR were weighted equally, i.e., posterior probability of 0.5.
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Regression performance for each of the 11 individual scores was assessed with (i) gener-
alised error (validation root mean square error, RMSE) for each observation in the re-
sponse when it was in a held-out validation fold; (ii) Pearson’s correlation coefficient, r,
between true and predicted responses; and (iii) coefficient of determination, comparison

of residuals when prediction is achieved using the regression model (SSE) vs mean re-

SSE

sponse of the scores (SST), R? = 1 — =—.
SST

We performed two extra analyses: (1) Used MM7 to predict the decrease in Beery-VMI
and KABC’s sequential processing, i.e., the classification of decrease and did not decrease
categories, and (2) Used changes in multimodal MRI from age 7 to age 9, i.e., | MM9-
MM?7, to classify decrease versus did not decrease categories. Performance was assessed

as described for the classification of poorer performers versus better performers.

Feature selection

SVM-recursive feature elimination (SVM-RFE) was used to identify important predic-
tors in the prediction models. During SVM-RFE, features are initially assigned weights
from the output SVR (regression) or SVM (classification) models. The weakest coeffi-
cient is then removed, model is fitted again to determine the new weakest coefficient.
The procedure is repeated until irrelevant features are removed, and the remaining fea-
ture sets achieves the same validation error or classification accuracy as the initial
SVM/R model. We included age at scan, sex, birth weight, and health status (possible
confounding variables) as additional candidate predictors in the regression or classifica-
tion models. We illustrate how classification and regression performance are obtained

with a flowchart in Figure 4.2.
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Figure 4.2| Illustration of classification and regression with 10-fold cross validation as

well as feature selection used in this study.
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4.3 Results
4.3.1.Final sample after exclusions

The exclusion criteria were applied to each child at both ages. Twenty children were
eliminated for failure to complete all components of cognitive assessments. Seven sub-
jects had detectable viral loads at ages of scan (5 children around age 7 years and 2 at
age 9). Furthermore, eighteen children were excluded for missing one or more images
due to motion artefacts (10 children) and poor spectra (8 subjects) leaving a sample of

88 children with complete neuroimaging and cognitive test data at age 7 and 9.

4.3.2.Hierarchical clustering algorithm categories

After performing HCA on the 112 children who had all the 11 scores, we identified 2
clusters of cognitive performance (dendrogram shown in Figure 4.1). The first cluster
(poorer performers, n = 48) consisted of significantly lower scorers (p’s < 0.05, Wilcoxon
rank sum test) than the second cluster (better performers, n = 64) on measures of learn-
ing, planning, sequential processing, PPVT, SFT, TOVA API, and PPT using the non-
preferred hand (Table 4.2). The two clusters had approximately equal median scores on
simultaneous processing, Beery-VMI, and PPT for preferred and both hands (p’s > 0.14).
The distribution of scores in the two clusters is shown in Figure 4.3 for the scores that
are significantly different between clusters. As can be seen there are no strong correla-

tions between pairs of individual scores (r < +0.5).
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Figure 4.3| The two clusters of poorer and better performers resulting from hierarchical clustering algorithm. Illustrated are scores that

are significantly different between the two clusters.
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Table 4.2| Sample characteristics of the two clusters obtained via hierarchical
clustering, showing poorer performers having lower scores than better perform-
ers.

Poorer per-  Better per-  p-values from
formers formers Wilcoxon
(n = 48) (n =64) rank sum test

Cognitive scores

KABC-II (scaled)

Learning 10 (4.50) 14 (6.50)  8x107*
Planning 10 (4.25) 12 (7.00)  6x1073
Sequential processing 12 (3.25) 14 (4.00) 7x1073
Simultaneous processing 14 (8.00) 15 (4.75) 0.14
Beery-VMI (scaled) 7 (3.00) 7 (2.00) 0.46
PPVT-IV (raw) 66 (9.75) 89 (35.50)  1x 10711
SFT (raw) 8(325)  10(3.75)  5x1073
TOVA API (raw) 244 (5.81) -0.05 (5.06)  7x1073
PPT (raw)
Preferred hand 12 (3.00) 12 (2.00) 0.21
Non-preferred hand 10 (2.25) 11 (2.00) 0.02
Both hands 9 (2.00) 9 (1.75) 0.65
Demographics
Age (years) 9.09 (0.20) 9.14 (0.13) 0.79
Birth weight (g) 3010 (488) 3200 (450) 0.15
Gender* Female n (%) 28 (58%) 29 (45%) 0.17
Status* HIV  n (%) 32 (67%) 31 (48%) 0.05

*A chi-squared (x?) test was used to compare percentage of children between the 2 clusters
Values are median (IQR) or n (%)
We used an alpha significance level of p = 0.05

Demographic comparison between clusters

The clusters did not differ with respect to age, birthweight, and gender (p’s > 0.17,

Wilcoxon rank sum test), however poorer performers comprised proportionally more

children living with HIV, n = 67%, compared to 48% of the better performers (p = 0.054,

chi-squared test, Table 4.2).
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Comparing our sample to the wider paediatric population taking the same tests around
age 9, the poorer performers scored in the average (7-13) range and better performers
scored in the upper average (14-16) range in the learning and sequential processing
domains (Kaufman & Kaufman, 2014). The children in both clusters scored in the aver-
age category for planning, and upper average range for the simultaneous processing do-
main. Median Beery-VMI scores for both clusters were below average (13-19 percentiles)
(Beery & Beery, 2004). The poorer performers had poor attention scores—their perfor-
mance was very close to the ADHD sample (median TOVA API = -2.44), while better
performers showed normal attention. We could not find normative data for PPVT, PPT
and SFT scores at age 9, although the data provided by Gardner and Broman (1979)

put the scores for both clusters in the below average (10-20 percentile) range.

4.3.3.Classification performance

After quality control, the poorer performers had n = 41 children and the better perform-
ers had n = 47 children. Ten-fold CV SVM classification results for the prediction of
these labels using the 5 prediction datasets are shown Table 4.3. Figures 4.4A-F shows
the diagnostic ability of each classifier with varying discrimination thresholds.

Using cognitive scores at age 7 (CS7) alone resulted in 0.75 AUC whereas using multi-
modal MRI at the same age (A1/M7) resulted in a higher AUC of 0.80. Using both had a
marginal improvement on overall performance compared to using cognitive scores alone:
0.81 AUC, 80% sensitivity, 78% Specificity, and 77% accuracy. Using multimodal neu-
roimaging at 9 years (MM9) has slightly better AUC of 0.83, and using scores at age 7
and all multimodal MRI measures (CS7 + MM79) achieved the highest performance:

0.85 AUC, 80 sensitivity, 72% specificity, and 78% accuracy.
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Table 4.3| Classification performance of the 5 datasets used to predict cognition categories poorer per-
formers and better performers at age 9 years.

Feature Set* AUC  Specificity  Sensitivity Accuracy Balanced Relevant

(%) (%) (%) Accuracy Features
(%)*

CS7 0.75 70 71 70 71 2

MM7 0.80 81 72 76 7 26

CS7 + MM7 0.81 73 79 7 76 29

MM9 0.83 80 73 76 7 24

CS7 + MM79 0.85 71 80 78 76 43

* CS7—cognitive scores at age 7, MM7—multimodal MRI at age 7, MM9—multimodal MRI at age 9, MM79—multimodal
MRI at both ages

Sensitivity and specificity are evaluated at the optimum cut-off point

#Balanced accuracy was computed due to imbalances in category memberships. It is the arithmetic mean of sensitivity and
specificity.
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Figure 4.4] ROC curves of the prediction of cognitive scores at age 9 using (A) cognitive scores at age 7, (B) multimodal MRI at age 7, (C) cognitive scores plus multimodal scores at age 7, (D) multimodal

MRI at age 9, (E) cognitive scores and multimodal MRI at ages 7 and 9, and (F) all the ROC curves A through E
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4.3.4.Regression performance

The performance of SVR in predicting individual cognitive scores (regression) at age 9
with each of the 5 datasets is presented in Table 4.4. Considering for each score only the
dataset with the highest regression performance, we see that the following outcomes are
best predicted by cognitive scores at age 7 (CS7): learning (R? = 0.43, r = 0.62), sequen-
tial processing (R* = 0.45, r = 0.75), Beery-VMI (R* = 0.26, r = 0.39), and PPT preferred
hand (R* = 0.30, r = 0.27). However, the regression performance was low to moderate.
Only prediction of planning scores could be improved by the addition of imaging data
(best predicted by CS7 + MMT7), although with low R?= 0.33 and r = 0.27, while
semantic fluency was predicted by the CS7 + MM79 dataset, with R? = 0.18 and r =
0.44.

With regard to imaging data, A/M7 tended to perform slightly better than AZA9 in
predicting scores at age 9, although both models did not perform much better than a
constant mean response of the scores (all R*< 0.18). Similarly, using the CS7 + MM79
dataset resulted in poor prediction performance (R? < = 0.18). We show the generalised
(validation) errors and associations between true and predicted responses in Figures

4.5A-F for the models with moderate to strong correlation coefficients.
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Table 4.4 Performance of SVR with the 5 datasets to predict individual cognitive scores at

age 9. The values are coefficient of determination and Pearson’s correlation coefficient be-

tween actual and predicted values (R?|r). For each score where there is R*? > 10% and corre-

lation coefficient r > +0.2, the highest R? and r are given in bold.

CS7 MM7 CS7 + MM9 CS7 +
(R?r) (R?r) MM7 (R?r) MM79
(R?[r) (R?[r)
KABC-II (scaled)
Learning 0.43|0.62 0.17|0.28 0.00[-0.32 0.07|-0.03 0.04/-0.25
Planning 0.02]0.31 0.00/-0.36 0.33|0.27 0.11]0.13 0.05]0.15
Sequential 0.45|0.75 0.00/-0.19 0.01/-0.29 0.12]-0.03 0.12]0.16
processing
Simultaneous 0.00/0.38 0.01]-0.27 0.02|-0.05 0.15]0.25 0.00/-0.35
processing
Beery-VMI 0.26/0.39 0.00[-0.29 0.02]-0.01 0.18/0.34 0.20[0.35
(scaled)
PPVT-IV (raw) 0.04]-0.20 0.00[-0.43 0.05]-0.20 0.00[-0.41 0.02|-0.33
SFT (raw) 0.03|0.40 0.13]-0.02 0.00]-0.41 0.00(0.10 0.18/0.44
TOVA API (raw)  0.01/0.08  0.07/0.19  0.08/0.22| 0.00-0.43  0.13]0.23
PPT (raw)
Preferred hand 0.30/0.27 0.00/-0.48 0.12]0.21 0.11/0.01 0.00]-0.31
Non-preferred ~ 0.00]-0.25 0.02]-0.24 0.00/-0.36 0.01]-0.03 0.17]0.17
hand
Both hands 0.01]0.31 0.00/-0.37 0.07/-0.05 0.14]0.06 0.00/-0.30
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4.3.5.Important features in the prediction models

For the regression models, the CS7 dataset used all 11 scores in the prediction of learning,
sequential processing, Beery-VMI, and PPT preferred hand, i.e., there were no redudant
predictors. The highest weights in the models predicting learning and sequential
processing at age 9 were the same scores at age 7—these were also the strongest
correlated pairs of individual scores between the two ages (Figures 4.6A-K). SFT
(animal naming) and PPT using the non-preferred hand tended to have the highest
weights in the prediction models for Beery-VMI and PPT preferred hand. Similarly,
there were many multimodal MRI measures selected in the prediction of planning and
semantic fluency, which are not informative given the low regression performance of the
models. However, the top features were similar to those extracted during classification.
As such, we focused on features of overall cognitive performance, that is, feature selection
from the classification of cognition categories rather than of individual scores, since these
models had higher predictive accuracies.

Outcomes on the PPVT (receptive vocabulary) and SFT (component of executive
function) at age 7 were the only 2 relevant features selected when predicting poorer
versus better performers class membership at age 9 using historic cognitive testing (CS7)
alone. From the AMM7 dataset, 26 out of 489 neuroimaging measures at age 7
(supplementary Table B.8), were selected to predict categories of overall cognitive
performance at age 9. Using the CS7 + MM7 dataset to predict category membership
at age 9 resulted in 29 relevant features (ranked in Table 4.5 and illustrated in Figures
4.7A-D), which were simply the union of the features selected when the classification is
performed using the datasets separately. The top 10 predictors are phosphocreatine and
glutamate concentrations, area of the caudal anterior cingulate, LGI of right superior
frontal, superior parietal and left medial orbitofrontal regions, volumes of the sulcal

banks and right thalamus, AD in left cingulum, and the PPVT outcome.
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There were 24 multimodal MRI features at age 9 selected from the MM9 dataset for
predicting cognitive category membership at 9 years (supplementary Table B.9). Inter-
estingly, the top 15 features are similar to the ones selected using the MM7 dataset,
except for the additional inclusion of N-acetylaspartate concentration, and AD in left
corticospinal tract. Surprisingly, of the 43 relevant features selected from the
CS7T+MMT79 dataset (supplementary Table B.10), none of the cognitive testing measures

are included.

Table 4.5| Feature ranking of the 29 features relevant for predicting
cognitive category membership at age 9, obtained via SVM-RFE.

Feature Weight* x 10~*
PCr concentration 19.53
RH caudal anterior cingulate area 19.17
LH pars opercularis area 17.99
Glu concentration 12.40
RH superior frontal LGI 11.19
LH medial orbitofrontal LGI 11.13
Right thalamus proper volume 11.07
AD in left cingulum 10.52
LH pars triangularis LGI 9.78
LH sulcal banks volume 9.43
RH superior parietal LGI 9.08
PPVT score 9.07
RH para-hippocampal thickness 8.78
Cr concentration 8.57
LH posterior cingulate mean curvature 8.29
RH caudal middle frontal LGI 8.20
RD in left inferior longitudinal fasciculus 7.78
Cho concentration 7.57
Left thalamus proper volume 7.50
SFT (animal naming) score 7.49
RH caudal middle frontal area 7.44
NAA concentration 7.49
LH inferior temporal thickness 7.30
LH supramarginal thickness 6.93
MD in right uncinate fasciculus 6.75
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--Table 4.5 continued--

RH supramarginal volume 6.63
MD in right superior longitudinal fasciculus 6.43
Right pallidum volume 6.33
Left pallidum volume 6.22

* Weights or coefficients in the final SVM model after recursive feature elimination
Abbreviations

LH/RH - left/right hemispheres, PCr - phosphocreatine, Glu - glutamate, AD - ax-
ial diffusivity, LGI - local gyrification index, Cho - choline, SFT-semantic fluency
test, Cr - creatine, MD - mean diffusivity, PPVT - Purdue picture vocabulary test
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A|Left hemisphere

Left pars opercularis area . Left inferior temparal thickness

- Left pars triangularis LGI -

- Left sulcal banks volume - Left medial orbitofrontal LG Left posterior cingulate curvature

B|Right hemisphere

- Right caudal middle frontal LGl and area Right supramarginal volume - Right para-hippocampal thickness

- Right superior parietal LGl and volume - Right superior frontal LGI . Right caudal anterior cingulate area
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C| Subcortical volumes

- Right thalamus proper . Left thalamus proper

- Right pallidum . Left pallidum

D| White matter tracts

MO in right superior longitudinal fasciculus (SLF) - MD in right uncinate fasciculus (UF) - RD in left Inferior longitudinal fasciculus (ILF) - ADin left cingulum (CG)

Figure 4.7| Illustration of the relevant regions/features selected usig SVM-RFE. The subfigures are 5A—sMRI cortical measures in the
left hemisphere, 5B—sMRI cortical measures in the right hemisphere, 5C—subcortical volumes in both hemispheres, 5D—relevant white
matter tracts. Additional to these features are concentrations of creatine (Cr), phosphocreatine (PCr), glutamate (Glu), choline (Cho),

and N-aceytl-aspartate (NAA) in midfrontal grey matter region as well as outcomes on the Purdue picture vocabulary test (PPVT) and

semantic fluency (animal naming) at age 7.
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4.3.6.Predicting the decrease of Beery-VMI and KABC’s se-
quential processing between age 7 and 9

We present the ROC curves for the two extra analyses we performed for predicting the
decrease of Beery-VMI and KABC’s sequential processing in Figures 4.8A-D. For the
classification of decrease vs did not decrease categories from MM7, Beery-VMI has clas-
sification performance: 0.67 AUC, 66% accuracy, 72% specificity, and 70% sensitivity.
KABC sequential processing has classification performance of 0.58 AUC, 67% accuracy,
40% specificity, and 76% sensitivity.

For the classification of decrease vs did not decrease from |MM9-MMT7|, Beery-VMI has
classification performance: 0.66 AUC, 64% accuracy, 73% specificity, and 56% sensitivity.
KABC’s sequential processing has classification performance of 0.59 AUC, 58.6% accu-
racy, 67% specificity, and 56% sensitivity.

We did not extract features leading to this poor classification performance in both cases.
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4.4 Discussion

In summary, our investigation provided insights into addressing the research questions
at the heart of this study: First, using historic cognitive test score data acquired at age
7, it is possible to make reasonably accurate predictions of continuous cognitive scores
at age 9 in the domains of learning/short-term memory, planning/executive reasoning,
sequential processing/auditory-working memory, motor coordination, and visual-motor
integration (0.27 < r < 0.62, 0.18 < R? < 0.45). However, neither multimodal MRI at
age 7 nor age 9 can predict continuous cognitive scores much better than a constant
mean response of the individual scores (R? < 0.18). Despite this, when cognitive perfor-
mance categories are created by clustering across all cognitive scores, it is possible to use
historic multimodal MRI and cognitive test data to predict these cognitive performance
categories with an AUC between 0.75 and 0.81, accuracies of 70-77%, sensitivities of 71—
79%, and specificities of 70-73%. In fact, even though continuous scores are better pre-
dicted using prior cognitive test data, multimodal MRI is better than individual cogni-
tive test scores for predicting categories of cognition, i.e., “poorer performers” versus
“better performers”.

For the prediction of overall cognitive performance categories at age 9, multimodal MRI
at the same age performed only marginally better (0.83 AUC, 76% accuracy) than the
combination of historic neuroimaging-cognitive score datasets (0.81 AUC, 77% accuracy).
Finally, using multimodal MRI at 2 timepoints slightly improved classification perfor-
mance to 0.85 AUC and 78% accuracy, but this model used substantially more predictors
(23 extra features) compared to those used by the simpler multimodal MRI datasets at
7 and 9 years separately. Notably, for prediction of cognitive performance categories,

similar features were relevant in the 7-year and 9-year multimodal neuroimaging datasets.
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Classification performance: predicting categories of overall cognitive perfor-

marmnce

In this study, we could predict categories of poorer and better overall cognitive perfor-
mance 2 years into the future with moderate predictive performance of 70-77% accura-
cies, 71-79% sensitivities, and 70-73% specificities using SVMs on historic MRI and
cognitive score data. To our knowledge, Ouyang et al. (2020) and Girault et al. (2019)
are the only other investigators that have classified future paediatric cognitive perfor-
mance from neuroimaging. Ouyang and colleagues (2020) achieved comparative perfor-
mances of 76% and 61% accuracies for predicting categories of general intellectual func-
tioning and language scores, respectively. And Girault and colleagues (2019) achieved
higher 83-90% accuracies for classifying composite score categories of cognitive ability.
Our studies contrast with previous efforts which have primarily classified cognitive per-
formance with neuroimaging measures at or closer to the age of cognitive assessment.
Further, the classification focused on paediatric major psychiatric disorders, for example,
ADHD in young children with an accuracy as high as 94% (Oztekin et al., 2021), infant
cognitive impairment with accuracy greater than 80% (Schadl et al., 2018), and autism
spectrum disorder with a moderate accuracy of 71% (Lanka et al., 2020).

While in this study our prediction was achieved from a multimodal neuroimaging com-
bination of sMRI, DTI, and 'H-MRS at age 7 to predict overall cognitive performance
at age 9, Ouyang et al. (2020) and Girault et al. (2019) used DTT measures acquired at
birth (30-43 postnatal weeks) to predict cognitive abilities at age 2. Since Girault et al.
(2019) and Ouyang et al. (2020) investigated infants, there may be fewer unmeasured
environmental factors that contribute to variations in either brain structure or cognitive
performance at that point than in school-aged children in our study. Additionally, we
studied children from low-socioeconomic status backgrounds, who perform worse than
their peers at the same age, as our cognitive data shows and other studies have reported
on too (Bush et al., 2020; McMaughan et al., 2020). However, there were two domains

of learning and sequential processing where the low-SES children in our study performed
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in the average and upper average range, although the expectation was that they would
perform worse than their peers at the same age. This may be in part due to how well
the cohort was treated, i.e., with three-monthly adherence visits for those living with
HIV, six-monthly clinical assessments for children without HIV as well as afterschool
learning programmes, opportunities that are not available to all children from low-SES
communities.

Furthermore, this study and Ouyang et al. (2020) trained SVMs, while Girault et al.
(2019) trained a deep learning classification model, which may explain the better pre-
dictive accuracy. However, contrasting results may also be explained by the cognitive
performance categories these 3 studies are attempting to predict. Girault and colleagues
(2019) combined motor, visual and language scales of the infants into an early learning
composite score, then created 2 groups: scores above and below the median, while
Ouyang et al. (2020) categorised the infants into normal and low scores based on the
cognitive test battery’s normative data. Our approach was a data-driven clustering on
multiple cognitive domains to categorise poorer and better performing children in the
sample.

There are other ways of creating categories from longitudinal cognitive performance data,
which we explored in this study. Since van Wyhe and colleagues (2021) found that
Beery-VMI (visual-motor integration) and KABC sequential processing (auditory work-
ing-memory) scores for our study sample significantly decreased from 7 to 9, while SFT,
PPT, and PPVT increased in both children living with and without HIV. We also won-
dered if multimodal MRI could be used to predict whether a child’s score would decrease
with age. As such, the children we categorised into those whose cognitive scores decrease
over time and those whose scores increased /stayed the same. We found that multimodal
MRI at age 7 did not do much better than chance in predicting a decrease in the scores
(0.58-0.67 AUC, 60-66% accuracy). We also explored whether changes in multimodal

MRI (7 to 9 years) can predict these changes in cognitive measures; but classification
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performances were also not convincing (0.58-0.60 AUC, 60—67% accuracy). This suggests
that multimodal MRI may not be good at predicting 2-year changes in cognitive perfor-
mance. Or a decrease in cognitive performance over a 2-year period in this cohort may
not involve structural brain changes that a multimodal combination of sMRI, DTI, and
'"H-MRS is sensitive to, and the decrease in score could be a result of temporary fluctu-

ations in mood, energy or motivation.

Regression performance: predicting cognitive performance domains

As we noted previously, several studies have predicted scores in different paediatric cog-
nitive domains using neuroimaging and machine learning algorithms; the regression per-
formance of 0.18 < R? < 0.45 and 0.27 < r < 0.62 between actual and predicted values,
is in line with those found by brain-wide association studies (Marek et al., 2022). In the
prediction of continuous neurodevelopmental outcomes 2 years into the future as opposed
to classification, Ouyang and colleagues (2020) found significant correlations between
the predicted and actual scores of general intellectual functioning (r = 0.54) and language
(r = 0.47). Girault et al. (2019), likewise in the regression aspect of their study, found r
= 0.98 and r = 0.96 for full term and preterm infants, respectively, in the prediction of
general intellectual functioning at 2 years from white matter connectomes at birth. The
disparate regression results could possibly be explained by the methodological differences
between these studies and ours that were previously noted while discussing their classi-
fication accuracies.

Using all 11 historic cognitive scores rather than multimodal MRI, we could predict
auditory working memory (R? = 0.75, r = 0.45) and category fluency (R? = 0.18, r =
0.44), but not receptive verbal language (R* = 0.05, r = -0.20) scores. Interestingly,
Adeli and colleagues (2019) could predict infant language scales at age 4 with r between
0.58 and 0.72 using multi-task multi-linear regression and cortical morphology at 24
months of age. However, Adeli et al. (2019) used sMRI data from 9 earlier timepoints,

despite having incomplete sulcal depth, LGI, mean curvature, and cortical thickness at
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some of them. Similarly, Khundrakpam et al. (2022) used cortical thickness of 5 to 14-
year-old children scanned at 2 timepoints 2 years apart to predict executive function
composite score with r = 0.61; adding to the evidence that cortical morphology at mul-
tiple timepoints can accurately predict future cognition. Comparatively, we could only
achieve a low R? = 0.33 and r = 0.27 when predicting executive reasoning with historic
data that included cognitive scores and multimodal MRI. We speculate this is because
these authors considered more dimensions of executive function in children, specifically
scores of behaviour regulation and meta-cognition, while we focused on reasoning and
auditory working memory. Moreover, the earlier study by Ullman et al. (2014) could
predict future visuospatial working memory with sMRI (r = 0.29), DTI (r = 0.59),
resting-state fMRI data (r = 0.44), and using a combination of all the imaging data (r
= 0.64) and the same cognitive score at the earlier timepoint (r = 0.78). In contrast,
most of the individual future cognitive scores in this study could be predicted from a
combination of earlier scores (category fluency and motor coordination being the most
predictive domains) than neuroimaging. The earlier scores of executive reasoning and
auditory working memory were some of the individual scores which were moderately
correlated with their future counterparts (r = 0.52 and r = 0.67, respectively). While we
used a sample size similar to Khundrakpam et al. (2022), n = 82 children, Adeli et al.
(2019) used a much smaller sample of n = 24 children, and Ullman et al. (2014) had the
largest sample of n = 323. The extent to which these findings are scalable and reproduc-
ible remains an open question.

Recently, there have been commentaries on reliability and reproducibility of regression-
based multivariable predictive brain-behaviour studies (Callaway, 2022; Gratton et al.,
2022; Kong et al., 2022; Rosenberg & Finn, 2022; Spisak et al., 2023), a conversation
initiated by Marek et al. (2022) who argued that sample sizes in the several thousands
are needed for reliable and reproducible results. The authors used 3 large-scale publicly

available MRI datasets: Adolescent Brain Cognitive Development (ABCD, n = 11 875;
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9-10 years), Human Connectome Project (HCP, n = 12000; 22-35 years), and UK Bi-
obank (UKB, n = 35 735; 40-69 years). In their analyses, r = 0.39 was the strongest
multivariate correlation between an imaging measure and a behavioural phenotype that
they could reliably reproduce. They found in-sample r is variable at small sample sizes
and stabilises with more sample, out-of-sample r also increases with sample size for cog-
nition, and r was higher for multivariate imaging predictors than in univariate analyses.
This study used only 2 neuroimaging modalities: SMRI cortical thickness and fMRI func-
tional connectivity. It is interesting that functional connectivity produced the highest
correlation with cognitive scores, and we have not included it in our analyses due to
poor resting-state fMRI acquisition data. By comparison, we made use of sMRI (thick-
ness, curvature, area, volumes, and gyrification), DTI, and 'H-MRS in the midfrontal
gray matter region. Although sample size does play a role in reliable and reproducible
results, the type of data collected and analyses (e.g. learning algorithms) applied to them
matters too. We used multivariate analyses, which tend to mitigate the need for large
sample sizes (Marek et al., 2022). Furthermore, a large sample is not always required
when longitudinal data is used. In our study with had two longitudinal data variables,
(1) the combination of multimodal MRI at ages 7 and 9, which was tested in conjunction
with the cross-sectional cognitive scores at age 7 dataset, as well as (2) the change in

multimodal MRI features from age 7 to 9.

Feature selection and brain-cognition biomarkers

The best predictive regression models utilised only historic cognitive performance to
predict future cognitive scores in the domains of short-term memory, executive reasoning,
auditory working memory, motor coordination, and visual-motor integration. Although
all the domains were used in the prediction models, motor function and receptive vocab-
ulary tended to have the highest weights. This might suggest that good performance in
these domains earlier in life is a foundation that is required for development in other

domains. By contrast, the best classification models were the ones that used multimodal
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MRI features. This suggests that multimodal MRI features may be helpful in predicting
categories of overall cognitive performance rather than continuous values in individual
domains. A possible explanation is since there may be measurement errors in paediatric
intelligence testing (Torres van Grinsven, 2022), multimodal MRI can be more effectively
used to predict which range an individual will fall into, rather than their specific outcome
on a continuous scale. In addition, the pooling across performance on different tests that
is achieved using the clustering method may better index some underlying cognitive
capacity that is easier to predict using neuroimaging as suggested by our analysis and
other studies (e.g., Paul et al., 2022).

There were 26 relevant features out of 489 for predicting categories of performance at
age 9 using prior multimodal MRI, and 24 relevant features when the prediction was
done with multimodal MRI at the same age. Notably, the top 15 imaging features were
similar at both ages, implying that the most relevant predictors of cognition remain
constant at least for a 2-year period. In total, we identified 29 historic predictors of
future cognitive performance category. These included midfrontal grey matter metabolite
concentrations creatine/phosphocreatine, glutamate, choline, and N-acetyl-aspartate; re-
gional cortical areas of the left caudal anterior cingulate, left pars opercularis, and right
caudal middle frontal regions; local gyrification indices of the right superior frontal, me-
dial orbitofrontal, pars triangularis, right caudal middle frontal, and superior parietal
regions; regional and other subcortical volumes of thalamus proper, left sulcal banks,
supramarginal gyrus, and globus pallidus; cortical curvature of the left posterior cingu-
late; diffusivity measures AD in left cingulum, RD in left inferior longitudinal fasciculus,
MD in right uncinate fasciculus, and MD in right superior longitudinal fasciculus tracts;
cortical thickness of the para-hippocampal, inferior temporal, and supramarginal regions;
as well as the outcomes of receptive vocabulary and verbal generativity tests.

Cortical morphology measures like thickness, gyrification, curvature, and volumes have

been used by previous studies to make good predictions of future cognition (Adeli et al.,
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2019; Khundrakpam et al., 2022). Adeli and colleagues (2019) found that curvature was
relevant in earlier timepoints (0-9 months), while cortical thickness was quite important
in later timepoints (12-48 months); gyrification and sulcal depths were not very predic-
tive of future cognition. In contrast, we find more gyrification measures weighted higher
than curvature and cortical thickness measures in the prediction models; however, we
have studied older children than Adeli et al. (2019). Khundrakpam and colleagues (2022),
could use cortical thickness alone to predict future executive function. Both studies did
not perform feature selection as we have done here; this could have informed which
cortical morphometric structures contributed to the prediction of future cognition.

We found volumes of the globus pallidus and thalamus; functional activation in these
structures, along with the caudate nucleus and putamen, were found by Ullman and
colleagues (2014) in the prediction of future working memory and reasoning, suggesting
the importance of basal ganglia structures in cognitive abilities of children.

In line with other studies (Girault et al., 2019; Ouyang et al., 2020) that used DTI
measures to predict future cognition, we have found diffusivity measures in 3 white
matter tracts contributing to the predictive accuracy. However, Girault and colleagues
(2019) found white matter connections confined to the frontal lobe, and Ouyang et al.
(2020) found FA in right precuneus and bilateral rectus gyri contributing more to the
prediction, whereas in this study our DTI predictors were large white matter tracts
instead of diffusivity in cortical regions. As the systematic review by Vieira et al. (2022)
has noted, more DTI and MR spectroscopy studies are needed to understand the neural
underpinnings of cognitive performance in children and adults.

Lastly, receptive vocabulary and verbal generativity were the historic cognitive scores
present in the prediction of future overall cognition, it seems very plausible that language

skills would predict cognitive performance in other domains.

Limitations and recommendations for future research
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We have alluded to the impact that a moderate sample size of n = 112 for hierarchical
clustering and n = 88 for regression and classification may have on overall performance
and generalisation of these findings. A way to assess whether our models will generalise
well is testing on new data, ideally from a different site and independently collected, e.g.,
ABCD, HCP, and UKB datasets. To test for population-level model generalisability, it
would be even better to externally validate our predictive models on a different cohort
of children from low-SES backgrounds.

Although the inclusion of 3 modalities of MRI is a strength of this study, we have
excluded "H-MRS in basal ganglia and peritrigonal white matter and resting-state fMRI
due to a large amount of missing data at one or both timepoints. Several studies have
achieved predictive performance (-0.4 < r < 0.6) using fMRI and functional connectivity
(Pat et al., 2022; Yuan et al., 2022), and a recent systematic review (Vieira et al., 2022)
provides good evidence for including task-based fMRI in multimodal MRI models. We
did not collect any task-based fMRI, which may have larger associations with cognitive
test performance (Vieira et al., 2022). There are methods of dealing with incomplete
data that may be worth exploring in future studies, such as imputation methodology
(Oberman & Vink, 2023) or the multi-task multi-linear regression framework proposed
by Adeli et al. (2019) in their prediction of infant cognition from incomplete longitudinal
neuroimaging data. Additionally, none of the non-imaging and non-cognitive scores pre-
dictors, namely: age at scan, sex, birthweight, and HIV status were relevant in the
prediction models. Parental education, parental income, and maternal intelligence quo-
tient have also been linked to children’s overall intelligence (Flensborg-Madsen et al.,
2020) and worth including in future models. Although HIV was not a predictor of overall
cognitive performance, it has been reported to cause impairments in cognitive domains
of executive function (Rowe et al., 2021) as well as learning and language (Musindo et

al., 2022).

139



The automated cortical reconstruction and volumetric segmentation of the T1-weighted
datasets at ages 7 and 9 were done independently as opposed to using the longitudinal
stream FreeSurfer. While the longitudinal stream may have been ideal, it assumes a
constant head size and tested on adult populations primarily (Reuter et al., 2012), as
such was not preferred for our paediatric cohort and analyses which were largely cross-
sectional in nature. Lastly, SVM/R is a type of single-task method, where only one type
of phenotypic measure is predicted at a time; only a small number of studies perform
multitask predictive modelling, which can offer more complex brain-behaviour relation-
ships (Sui et al., 2020). Multitask modelling considers the dependent relationship among
measurements derived from a single cognitive test to simultaneously predict various
phenotypic variables in a unified framework (ibid.). We have chosen a single-task method,
because it offered more interpretability than a multitask model would have done.
SVM/R allowed us to map features to the original feature space, extract their weights
(B coefficients), and rank them in the prediction models. Since these features were rela-
tively constant for a 2-year period, it would be interesting to explore how they change

when more timepoints are added.
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D

DISCUSSION: exploring the relationship between mag-
netic resonance neuroimaging and cognitive outcomes in
children

Chapter 5 provides a discussion of findings, limitations, and recommendations for
future research.

Highlights & key findings of the dissertation

e In summary, there is evidence in the literature to suggest that neuroimaging
measures in children, adolescents, and youth living with and without HIV are
indicative of cognitive abilities measured using cognitive testing. Cognitive do-
mains of attention, executive function, and general intellectual functioning can
be assessed with multimodal magnetic resonance neuroimaging techniques like
structural MRI (sMRI) and diffusion tensor imaging (DTT). Global white mat-
ter and grey matter volumes (WM, GM) and microstructural integrity, partic-
ular of the corpus callosum subcortical structure, were the neuroimaging
measures mostly indicative of cognitive performance in young people (Chapter
2).

e Penalised linear models (PLMs), support vector machines/regression
(SVMs/R), and decision tree ensembles (DTEs) do not predict continuous cog-
nitive scores very accurately. However, the models are more accurate in the
prediction of poorer and better categories of overall cognitive performance in
the sample of children from low-socioeconomic status backgrounds. There are

subsets of neuroimaging measures such as the globus pallidus, corpus callosum,
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and cerebellar white matter volumes, temporal lobe curvature, and white mat-
ter microstructural integrity of the superior longitudinal fasciculus and uncinate
fasciculus that are mostly predictive of cognitive performance at age 7 (Chapter
3).

It is possible to predict overall cognitive performance categories at age 9 using
neuroimaging and/or cognitive scores from age 7. Multimodal MRI neuroimag-
ing is better than cognitive scores at predicting subsequent cognitive perfor-
mance categories. Using current and historic multimodal MRI (neuroimaging
at 2 timepoints) improves the prediction of overall cognitive performance. Con-
centration of N-acetylaspartate, phosphocreatine and glutamate, areas of the
caudal anterior cingulate and pars opercularis, gyrification of the frontal lobe,
volumes of the thalamus and globus pallidus, and white matter microstructural
integrity of the cingulum and superior longitudinal fasciculus, as well as the
cognitive domain of language are among the historical predictors of future over-

all cognitive performance. (Chapter 4).
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5.1 Discussion

We aimed to add to the growing evidence on the utility of using machine learning (ML)
algorithms to predict cognitive abilities of children from multimodal neuroimaging. It is
important to understand relationships between neuroimaging and cognitive performance
because it could make it easier to identify children at risk of poor neurodevelopmental
outcomes or cognitive impairment. This would add great benefit to performing neuroim-
aging in children even when there is no clinical need. At-risk children identified in this
way could then benefit from targeted interventions to prevent struggles at school and in

other areas of life.

Risk factors for cognitive deficits in children and adolescents

Living with HIV, perinatal exposure to HIV, and living in low-socioeconomic status (SES)
communities and households are all risk factors for cognitive deficits in children and
adolescents (Musindo et al., 2022). Studies show these risk factors are linked; HIV dis-
proportionately affects low-SES communities (Cleary et al., 2011; Wabiri & Taffa, 2013),
children with perinatal HIV are more likely to be orphaned because of parents who die
from HIV, and orphanhood can lead to under-nutrition in children (Musindo et al., 2022).
In some circumstances, the lack of appropriate caregiver stimulation necessary for cog-
nitive development can lead to cognitive delays and deficits in orphaned children. This
raises the important question of whether reported cognitive deficits in children living
with HIV are due to HIV or socioeconomic factors.

On one hand, the evidence from the systematic review (§2.3.3 synthesis) we conducted,

consisting mostly of case-control studies, suggests that HIV may lead to brain changes
linked to poorer outcomes in attention (short-term memory and processing speed), ex-
ecutive function, and general intellectual functioning. The sample population in our ob-
servational study comprised children from low-SES backgrounds (52% HIV and 48%

controls of whom 40% were exposed to HIV). The clustering of overall cognitive
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performance scores in our sample at age 7 (§3.3.1) and 9 §4.2.3), revealed that the lowest
scoring children were all HIV positive, the highest performers were unexposed controls,
and the children straddling the two clusters were a combination of HIV positive and
HIV-exposed controls. This would support the idea that HIV is an important factor that
negatively influences cognitive development in this cohort, as van Wyhe and colleagues
(2021) have previously reported poorer working memory and executive function perfor-
mance of children living with HIV in this cohort. Furthermore, the prediction models
did not misclassify the lowest and highest scoring children, suggesting their brain
measures are more different to each other than to the HIV-exposed children.

On the other hand, HIV status was not a relevant feature in any of the classification of
poorer and better performers in the sample, i.e., the two broader parent clusters. It might
be interesting to investigate health-related characteristics that may affect whether chil-
dren living with HIV will fall into the poorer or better performing range. However, at
both ages both groups of children generally scored worse than their peers at the same
age in the United States. (The comparison to normative data from the USA is elaborated

on in section §5.2 limitations on cognitive testing.) Absent any cognitive testing related

factors, this may support cognitive delays often seen in children from low-SES commu-
nities. The children with poorer performance in this South African low-SES cohort cor-
responded to the lowest scores in their international peers and this performance was
most evident in the domains of attention, learning, language, and auditory working
memory. These domains are impaired in children with HIV according to several system-
atic reviews (Ensink & Kuper, 2017; Musindo et al., 2022; Phillips et al., 2016; Rowe et
al., 2021). Overall, it is important to note that both children living with HIV and chil-
dren from low-SES, regardless of HIV status, can benefit from targeted interventions.

Our systematic review showed how diverse neuroimaging findings can be when looking
for signatures of cognitive abilities that are affected by a particular disease. Therefore,

by combining neuroimaging modalities and cognitive domains, perhaps in a more
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interpretable way than the clustering we have implemented, it may be possible to find
neuroimaging patterns that index general cognitive abilities. The next step would be to
investigate how these patterns are affected by diseases including perinatal HIV; this
might be a challenging task because of the heterogenous disease history and character-
istics. Although disease history data including viral loads and CD4 counts is available
for the children living with HIV in this cohort, we did not use it here, partly because
this data did not exist for the control children. However incorporating disease history

variables into models is likely to improve predictive ability for poor cognitive outcomes.

Performance of the regression and classification models

In this study, we investigated the prediction of continuous cognitive scores (regression)
and categories of overall cognitive performance (classification) created from the contin-
uous data using various supervised learning algorithms, namely: penalised linear models
(PLMs), decision tree ensembles (DTEs), support vector machines/regression (SVMs/R)
at age 7 (Chapter 3) and elected to use SVMs/R for predicting future cognitive perfor-
mance at age 9 (Chapter 4). The regression performance was generally poor, shown by
the tendency to have low fitting errors and high generalised error. The Pearson’s corre-
lation r between predicted and actual value was comparable to values obtained by pre-
vious studies. We achieved correlations of 0.20 < r < 0.34 for same-age predictions
(§3.3.2) and 0.27 < r < 0.62 for predicting future cognitive scores (§4.3.3). The stronger
correlations with future than same-age cognitive performance suggests brain develop-
ment is more of a foundation for acquisition of performance-related skills than an indi-
cation that these skills are present or have already been acquired. Previous studies have
also found weak to moderate associations between predicted and actual scores (0.003 <
r < 0.98) using structural MRI and diffusion tensor imaging data separately (Dubois et
al., 2018; Khundrakpam et al., 2022; Kline et al., 2020; Mihalik et al., 2019; Ouyang et
al., 2020; Sripada et al., 2021) and, less-commonly, multimodal MRI (Marek et al., 2022;

Pat et al., 2022). However, the common conclusion which can be drawn from most of
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these predictive models is that they are unlikely to be generalisable due to their high
cross-validation errors.

For this reason, in this study we also identified categories of generally poorer and better
performers across all tests rather than reliance on performance on individual tests. We
used hierarchical clustering at age 7 and 9 years, and found the technique to be more
robust to some of the variability in test performance data due to random or test-admin-
istration-related factors. Interestingly, the lowest and highest scoring children at age 7
who were clustered to the poorer and better performing categories were also clustered
into the same categories at age 9. For these children, we could predict from the clustering
output alone whether they are HIV positive or HIV-unexposed controls as well as
whether they will be poorer or better performers in the future. Although there were few
children who either went from poorer to better performance categories and vice versa,
multimodal MRI neuroimaging was particularly helpful in classifying these children.
Indeed, the classification models fared much better than their regression counterparts.
Looking at the overall performance, the future classification of poorer and better per-
formers with multimodal MRI neuroimaging primarily (§4.3.2: 0.75-0.81 AUC, 70-77%
accuracies, 71-79% sensitivities, and 70-81% specificities) was similar to the same-age
classifications of these categories (§3.3.3: 0.71-0.83 AUC, 65-74% accuracies, 70-85%
sensitivities, and 65-73% specificities). Like in the regression models, we expected future
classification of cognitive performance to be higher than same-age predictions from the
background knowledge about brain development. This is true when we compare the
classification performance metrics of the same supervised learning algorithm, i.e., SVMs.
There was a slight imbalance in the members in each poorer and better performance
categories, so learning algorithms such as random under-sampling boosted trees would
perform better than SVMs in terms of balanced sensitivities and specificities. In cases
where SVMs are used, the balanced accuracy or balanced F score measure would be a

useful metric in assessing the overall performance of the prediction models. For this
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study, we have reported the balanced accuracy measure alongside the other metrics,
however it did not significantly differ from the accuracy metric. In general, however, the
choice of ML algorithm did not seem to matter if the parameters of the models were

optimisable (Chapter 3).

Biomarkers of overall cognitive performance

There were 2 notable results regarding feature selection. First, despite the regression
models generalising poorly, similar brain measures were selected for the regression of
individual cognitive scores as were selected in the classification of overall cognitive per-
formance. This may suggest that the same subset of features may be useful for predicting
performance in individual cognitive domains as for predicting overall cognitive perfor-
mance. It further reflects the interdependency of the cognitive scores used, that the same
underlying cognitive skills and brain regions are most associated with cognitive perfor-
mance measures. While some regions are specialised for certain tasks, this shows a great
deal of overlap and interconnectivity between different regions. Second, the neuroimag-
ing predictors of same-age (§3.3.5) and future (§4.3.5) overall cognitive performance were
different. For example, the prediction of future cognitive performance included magnetic
resonance spectroscopy measures. In our view, the measures differed likely because not
the same children belonged to the poorer and better performance clusters at ages 7 and
9. Furthermore, when multimodal MRI at ages 7 and 9 were used to predict cognitive
performance at the same ages, respectively, different features were relevant in the pre-
diction models. This suggests the relationship between multimodal MRI neuroimaging
and cognitive performance may change with age as some of the studies have demon-
strated (e.g., Adeli et al. 2019). For predicting cognitive performance at age 7, global
volumetric features were most prominent, including volumes of the corpus callosum,
cerebral and cerebellar white matter, pre- and post-central gyri and lateral ventricles.

However, for predicting 9-year cognitive performance, white matter microstructural
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properties, gyrification indices and metabolite levels were more important. This is con-
sistent with cognitive abilities being supported by growth of brain gray and white matter
in early years, particularly regions involved in motor and sensory functions. However
synaptic pruning and white matter maturation may play more of a role in cognitive

abilities at a slightly later stage of childhood.

5.2 Limitations and recommendations

Several important limitations need to be considered. Below, we elaborate on the limita-
tions on sample size, comment on the scope for improving the quality of magnetic reso-
nance imaging and cognitive test data, and discuss the generalisability of the results,
and conclusions that can be drawn from the regression/classification models. Further-
more, we discuss the challenges in paediatric MRI neuroimaging and what could have
been improved in this study as well as providing a potential framework for future re-

search.

Sample size and its relationship with ML algorithms

Our analysis was limited to a sample population of 132 children, however, only a subset
of 88 children had complete multimodal MRI neuroimaging and cognitive test data at
both ages 7 and 9. In this study, factors that affected the sample size were (i) attrition
in the control group in the course of the longitudinal study meaning that some of the
children were not assessed or scanned at both timepoints; (ii) exclusion of poor quality
magnetic resonance (MR) images due to signal dropout or large motion artefacts, which
meant not all neuroimaging modalities had usable data; and (iii) failure to complete all
cognitive test batteries because of failing the practice tests beforehand, fatigue, or other
mood-related considerations. It is often difficult to recruit and maintain a large cohort
in longitudinal multimodal neuroimaging studies, and large-scale studies require more

financial resources and time. But our sample size is not small relative to the sample sizes
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commonly-used for structural and functional MRI studies: 12-50 participants according
to a review by Szucs and loannidis (2020) of studies conducted between 1990 and 2018.
The relationship between sample size and machine learning (ML) algorithms is complex;
in general, the greater the number of observations and predictors the better. Predictive
modelling studies with inadequate samples are prone to overfitting of the data and have
lower probability of generalising well (Jollans et al., 2019; Rajput et al., 2023; Scheinost
et al., 2019). Jollans and colleagues (2019) recommend at least a sample size of 400,
while others argue that sample sizes in the several thousands are required for reliability
and reproducibility (Marek et al., 2022). In this respect the sample size we used was
rather small and it would be desirable to replicate the results on a larger sample, since
large datasets increase the likelihood of identifying robust and generalisable brain bi-
omarkers of cognitive performance (Sui et al., 2020).

Promotion of data sharing will allow larger datasets, although there will be heterogeneity
in imaging and population characteristics that will need to be considered. For example,
we acquired data from two scanners; however, since we did not look at a quantitative
change in neuroimaging measures between timepoints, but instead entered them as sep-
arate variables in the prediction models, we did not expect there to be extra variability
introduced due to brain measures acquired from the two different scanners. Some scans
are infrequently acquired, e.g., single-voxel spectroscopy (SVS), while some like T Mag-
netization Prepared-RApid Gradient Echo (MPRAGE) are almost universally acquired.
Therefore, structural MRI is a very good candidate modality for large-scale data pooling.
So large-scale publicly available paediatric multimodal MRI datasets like the Adolescent
Brain Cognitive Development and UK Biobank will make it possible to perform this
kind of study in the future. However, the strengths of our study were as follows, (1)
using multivariable/multimodal data in ML analyses, (2) measuring out-of-sample cor-
relation coefficients or classification/regression performance metrics, and (3) predicting

cognitive performance evaluated by validated test batteries rather than using self-

149



report /mental health measures. This study also demonstrates the usefulness of DTI and
MR spectroscopy in predicting cognitive performance, and how these other MRI modal-

ities need further attention in understanding cognitive performance of children.

Cognitive testing: normative data and clustering of cognitive scores

Our cognitive assessment is limited to the cognitive domains of attention, executive
function, visual perception, language, motor coordination, and visual-motor integration
as well as general intellectual functioning (a combination of these domains). Using mul-
tiple cognitive batteries to assess multi-domains of cognition is another strength of this
study. We could cover all the domains that share a bidirectional link with academic
skills (Lovden et al., 2020; Peng & Kievit, 2020). However, we did not test for socio-
personal performance (e.g., social cognition, disruptive behaviour, self-concept, or apa-
thy), which is an important domain especially in the context of psychoeducational im-
plications, practice and policy making related to paediatric HIV (Cockcroft & Cassimjee,
2020; Gabbidon et al., 2020; Tuke et al., 2020) in sub-Saharan Africa and children from
low socio-economic status backgrounds in general (Dalmaijer et al., 2023).

The quality of the cognitive test scores have secondary influences such as anxiety, fatigue,
pain, or response expectancies that may impact test validity (Johnson-Greene, 2013).
For example, some of the children were able to complete short-term memory and working
memory tests but failed the practice tests for attention performance index (API or
ADHD score) multiple times. We understand a combination of these factors may have
played a role. Trained neuropsychologists in this study did not administer cognitive tests
when practice tests were failed 3 times. When calculating overall cognitive performance,
these children were excluded from the analyses since they had missing data for certain
cognitive domains (e.g., API). This aspect impacted the overall sample size when classi-
fying the overall cognitive performance categories, whereas the prediction of individual

scores included all the children whose data was available.
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Normative comparison is a critical concept and perhaps a limitation of cognitive testing
(Harvey, 2012). Cognitive test batteries are not diagnostic in and of themselves, instead,
they show cognitive performance in comparison to a reference group. There is evidence
to suggest the batteries have limited cross-cultural validity in South Africa since the
normative data is based on children in high-income settings like the United States (Harris
et al., 2021; Mitchell et al., 2017). When creating a score vector representing overall
cognitive performance, we used raw scores for some tests and scaled scores for others,
where the scaled score is a child’s raw score in the distribution of raw scores among his
or her peers at the same age. The raw scores were used for Purdue pegboard test (PPT),
semantic fluency test (SFT), and Purdue picture vocabulary test (PPVT), since sub-
stantive normative data does not exist for these batteries. More research is needed in
validating these batteries in African populations as well as the validation of Kaufmann
battery for children (KABC-II), test of variables of attention (TOVA), and Beery-VMI,
which currently have normative data based on Western populations. However, combin-
ing scores in this way would not have affected the categories of overall cognitive perfor-
mance, because the hierarchical clustering considers the similarity of scores within our

sample population.

Multimodal magnetic resonance imaging predictors

Our multimodal neuroimaging investigation was limited to brain measures acquired via
MRI, which is an imaging technique favoured both clinically and in the neurosciences
because of its excellent soft tissue contrast resolution, high signal-to-noise ratio, absence
of ionizing radiation, and the ability to examine different properties of tissue such as
morphometry (sMRI), WM microstructure and connectivity (DTI), and local brain me-
tabolism (YH-MRS) using the same scanner. Our multimodal MRI analyses included only
sMRI, DTI, and 'H-MRS in the midfrontal grey matter region.

We excluded resting-state fMRI data from the multimodal MRI analysis, because of poor

quality data for more than half of our sample population at both timepoints. Since
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functional connectivity of resting-state brain networks has been associated with scholas-
tic performance (Chaddock-Heyman et al., 2018), attention behaviour (Ding & Pang,
2021; Yadav et al., 2018), and executive function (Sarma et al., 2021) in children, it is
worth investigating whether the inclusion of resting-state fMRI connectivity or measures
such as regional homogeneity and mean and fractional amplitude of low frequency fluc-
tuations in multimodal analyses would improve classification and regression models for
predicting cognitive performance. Although, task-based fMRI is a closely-related modal-
ity that has been shown to predict cognitive outcomes in children (Pat et al., 2022; Yuan
et al., 2022), resting-state fMRI may be preferable to task-based fMRI in the context of
paediatric neuroimaging, due to its simplicity and it eliminates barriers the children may
face in interpretation and performance of tasks for task-based fMRI.

Similarly, we acquired metabolite concentrations in 3 voxels, located in the basal ganglia,
midfrontal grey matter (MFGM), and peritrigonal white matter in 132 children. However,
in order to maintain a reasonable overall sample size (n = 88), only the MFGM data
was used. Furthermore, metabolites that are not measured accurately by our SVS ac-
quisition were not included in the predictive analyses, for example, gamma-aminobutyric
acid (GABA). GABA, the brain’s principal inhibitory neurotransmitter, has been asso-
ciated with attention and perception in adults (Porges et al., 2017). Since we identified
glutamate (Glu), the primary excitatory neurotransmitter, as one of the predictors of
future cognitive performance, it is worth investigating whether GABA is associated with
cognitive abilities in children. It is also possible that including metabolite concentrations
from several other regions of the brain, for example, using chemical shift imaging, could
be informative in the prediction of cognitive scores or categories of cognition in children.
Measurement of cerebral blood perfusion (or flow, CBF) using techniques such as MR
angiography (MRA) and arterial spin labelling (ASL) may also improve the prediction
of cognitive functioning. MRA and ASL quantify perfusion without the need for gado-

linium-based intravenous contrast agents (Thomas & Wells, 2011), and are alternatives
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to the minimally invasive (i.e., use ionizing radiation) positron emission tomography
(PET) and single-photon computed tomography (SPECT) measured cerebral blood flow
(CBF) (Crisan et al., 2022). For example, Blokhuis and colleagues (2017) (a study we
critically appraised in the systematic review, Chapter 2), found that ASL-measured CBF
in grey matter is associated with executive function in control children but not in chil-
dren living with HIV.

As previously mentioned, MRI is expensive. Therefore, it will require a global effort to
improve MRI neuroimaging accessibility, even if focused on cheaper low-field MRI scan-
ners or the search for biomarkers using cheaper measures of brain function like electro-

encephalogram and near infrared spectroscopy.

Regression and classification models: possible improvements

The main issue with our regression models was overfitting, which likely occurred because
of the small sample size. Well-established techniques to prevent overfitting include im-
plementing cross validation (CV), removing irrelevant predictors before training, regu-
larisation to reduce variance, reducing model complexity, and adding more training data
(Ying, 2019). We were limited to implementing 10-fold CV, testing ridge/lasso regular-
isation models, and using less complex and interpretable ML models. We have also im-
plemented 5-fold CV, which led to comparable AUC but lower balanced sensitivity and
specificity, suggesting that the higher 10-fold CV was more likely to minimise the effect
of class imbalance. However, the models still learned from noise and random fluctuations
in the data and could not generalise well to unseen data. Therefore, this study could
have benefitted from an increased training data specifically, as a holdout data could
have been used for testing and hyperparameter optimisation. Additionally, we could
have removed irrelevant predictors before training in a 2-step process: (1) predicting the
cognitive scores using the MRI modalities separately and obtained a subset of relevant
predictors, (2) retaining only this subset in a further multimodal analysis. This can

potentially lead to improved accuracy of the prediction.
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The classification performance into better and poorer scorers in this study is limited to
our sample, although the framework can be extended to other populations of children
from low-SES households and communities. There are ways in which the classification
problem could have been made simpler, for example, a median split of the data to cate-
gorise low and high performers (e.g., Girault et al. 2019). Another recent study in older
patients has used this binning approach to classify cognitive performance differences
based on brain network patterns (Kramer et al., 2023).A measure of underlying cognitive
capacity can be obtained by performing factor analysis on cognitive scores, although a
large sample would be required and decisions about class boundaries would not neces-
sarily be any more straightforward. If the cognitive test batteries translated perfectly in
the South African context, it may have been better to perform classification using the
standard category splits of the test batteries (low, average, upper average, and high)
instead of using clustering. This would make the classification performance more likely
to be generalisable to the broader population of children and would provide more clini-
cally useful and interpretable predictions

The ML algorithms considered here were limited to decision tree ensembles, support
vector machines/regression, and penalised linear models. In general, these involved high
training time and had poor prediction accuracies for responses with low sample sizes.
Because of the small sample size, the tuning of parameters for the classifiers and regres-
sion models were done with the same data used for cross validation, and we chose pa-
rameter values that gave the lowest cross-validation average error. This can be another
potential source of overfitting since the parameters are tweaked until the predictive
models perform optimally. Furthermore, we are limited to simple ML algorithms, while
deep learning structures such feed forward neural networks (FFNN) and convolutional
neural networks (CNN) could improve the classification and regression problem (Liu et
al., 2021). However, FENN and CNN can be difficult to interpret due to their over-

parameterised black-box nature (Li et al., 2022) and require much larger datasets.
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Connectome-based predictive modelling (CPM) is another approach that has gained
popularity in recent years (Sui et al., 2020). A CPM is constructed by using the interre-
gional functional connections from whole-brain data as predictors most pertinent to the
predicted target, and it has been used to predict behaviour from connectivity data ac-
cording to the review by Sui and colleagues (2020).

In our classification and regression modelling, we did not directly handle multiple com-
parisons and false discovery rates (FDRs) as these are usually understood in the context
of statistical testing rather than machine learning. We used cross-validation resampling
methods to help assess the stability and reliability of the models’ performances. Beyond
classification and regression, there are other approaches of investigating the relationship
between multimodal brain measures and cognitive performance scores. For example, ca-
nonical correlation analysis can be used to investigate which dimensions of multimodal
neuroimaging are most related to which dimensions of cognitive performance as a con-
tinuous multivariate measure (Mohammadi-Nejad et al., 2017).

The dissertation has also focused on cognitive-to-cognitive and neuroimaging-to-cogni-
tive prediction models. It can also be useful to investigate cognitive-to-neuroimaging and
neuroimaging-to-neuroimaging predictive models. Although it can be useful to predict
brain structure from cognitive performance since it is cheaper to administer cognitive
tests, there is often not enough information available in these tests scores. Furthermore,
there are also many more brain measures obtained from neuroimaging than there are
cognitive domains, as such it becomes a challenge to determine which measures should
be predicted. However, the neuroimaging-to-cognition prediction models can also be used
to answer some of the cognitive-to-neuroimaging problems. If it is established that a
subset of neuroimaging measures is related to overall cognitive performance or specific
cognitive domain outcomes, and these domains are impacted i.e., cognitive deficits exist,
then the parts of the brain that are affected can be predicted. Neuroimaging-to-neuroim-

aging prediction can be useful in determining whether aging plays a crucial role in
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cognitive development. Similarly, we do not currently know whether the relationship
between neuroimaging and cognitive performance at earlier than 7 years and after 9
years of age will yield the same results. Future work will investigate the cross-sectional

effects in neuroimaging-to-cognitive prediction modelling.

5.3 Summary and conclusion

We have uncovered evidence in the literature suggesting perinatally-acquired HIV may
lead to changes in structural, functional, and biochemical nature of the brain, and these
changes are linked to cognitive domains of attention, executive function, and overall
cognitive functioning. Furthermore, this evidence also showed relationships between cog-
nitive performance and multimodal MRI of children without HIV.

We subsequently conducted a study using longitudinal MRI neuroimaging and cognitive
data from children with and without HIV from low-SES backgrounds. The goal of the
study was 2-fold: testing various machine learning algorithms for predicting cognitive
performance from neuroimaging, and using the best classifiers and regression models to
predict future cognitive outcomes of the children with and without HIV. The algorithms,
namely, penalised linear regression, decision tree ensembles, and support vector machines,
predicted continuous cognitive scores with low fitting errors but high generalised cross-
validation errors. The classification of poorer and better performers in the sample had
good prediction accuracies, and multimodal MRI was better than cognitive testing for
classifying future cognitive performance. Notwithstanding limitations such as small sam-
ple size, this study suggests multimodal MRI can be a useful compliment to cognitive
testing in predicting future cognitive scores. The next steps to improve this research
would be to use more training data, add more timepoints, include functional MRI and
chemical shift imaging in addition to the current multimodal MRI modalities, explore
different ways of feature construction and implement deep learning models for regression

and classification.
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APPENDICES
Appendix A

Glossary of definitions, principles, and abbreviations

Hierarchical Clustering Algorithm (HCA)

Linkages (mentioned in §3.2.6, §4.2.3)

A linkage is the distance between two clusters.

e Single linkage (nearest neighbour) uses the smallest distance between objects in
the two clusters.

e Complete linkage (farthest neighbour) uses the largest distance between all
pairs of objects in any two clusters.

e Average linkage uses the average distance between all pairs of objects in any
two clusters.

e Centroid linkage uses the Euclidean distance between the centroids of the two
clusters.

e Median linkage uses the Euclidean distance between weighted centroids of the
two clusters.

e Ward’s linkage uses the incremental sum of squares, that is, the increase in the
total within-cluster sum of squares because of joining two clusters. The within-
cluster sum of squares is defined as the sum of squares of the distance between

all objects in the cluster and the centroid of the cluster.

Cophenetic distance (between two observations) is represented in a dendrogram by the

height of the link at which two observations are first joined.

Cophenetic correlation coefficient (c) is the linear correlation coefficient between the

cophenetic distances obtained from the tree and the original distances used to



construct the tree. Coefficient closer to 1 indicates higher validity of the output from
hierarchical clustering algorithm.

mentioned in §3.2.6, §4.2.3

Machine learning algorithms

Penalties (§3.2.7 penalised regression)

Regularisation or penalisation is a way to avoid overfitting by reducing/shrinking high-
valued regression coefficients. It achieves this by biasing data towards particular values

via adding tuning parameters to encourage those values: (mentioned §3.1)

e L'-norm regularisation adds a penalty equal to the absolute value of the mag-
nitude of coefficients. Some coefficients can become zero and eliminated in the
model. This method is used by lasso regression. (also mentioned §3.3.3)

e [’norm regularisation adds a penalty equal to the square of the magnitude of
the coefficients, and all the parameters are reduced by the same factor, although
some approach zero and can be eliminated. Ridge regression and SVMs use this

method.

Kernels (§3.2.7 support vector machines)

Kernel SVM is implemented when the data is not linearly separable. It is achieved by

using kernels discussed below (mentioned §3.1 kernel SVM).

Kernels are mathematical functions used by the kernel SVM algorithm to transform the
data from a lower dimension where the points are often not linearly separable to a high

dimensional plane where they can be separated easily. Kernel functions include:

e Polynomial kernel takes the dot product of the data points in the original space

and the polynomial function in the new space.



e Gaussian radial basis function (RBF) kernel finds the dot products and squares

of all the features in the dataset. The RBF kernel is formed by taking an infinite
sum over polynomial kernels.
e Sigmoid kernel function is equivalent to the 2-layer perceptron model of the neu-

ral network, used as an activation function for artificial neurons.

Ensemble methods (discussed in §3.2.7 decision tree ensembles)

In a decision tree, the dataset is split based on different conditions like mutual infor-
mation. Mutual information is a measure between random variables that quantifies the
amount of information obtained about one random variable through the other random

variable. Multiple decision trees are combined via boosting or bagging (mentioned §3.1).

Bagging (bootstrap aggregation)

Bagging aggregates the prediction of several weak learners to select the best prediction.

e Random forest generates many bootstrap replicas of the data and grow decision

trees on the replicas. For dataset size N, each bootstrap replica is obtained by
randomly selecting N out of N observations with replacement. Every tree in the
ensemble can randomly select predictors for each decision split. (mentioned §3.1,

§3.2.7).

Boosting
Boosting trains the trees sequentially and corrects errors of the previous weak learner.

(mentioned §3.1boosted trees)

e Adaptive boosting (AdaBoost) trains learners sequentially. For learner ¢, Ada-

Boost increases weights for misclassified observations and reduces weights for
correctly classified observations. The next learner g+1 is then trained on the data

with updated weights.



Random under-sampling boosting (RUSBoost) is designed specifically for class

imbalances and can be used with AdaBoost. RUSBoost takes N, basic unit for
sampling, as the number of members in the class with the fewest training mem-
bers. Categories with more members are under sampled by taking only N obser-
vations. (mentioned §3.3.3)

Least-Squares boosting (LSBoost) fits regression ensembles to minimise mean-

squared error. At every step, LSBoost fits a new learner to the difference between
the observed response and the collective prediction of previous learners.

Totally corrective boosting (TotalBoost) designed for multiclass classification.

TotalBoost maximises the minimal margin in the training set, the margin between
the difference between the predicted soft classification score for the true class and

the largest score for the false categories.

discussed in §3.2.7 decision tree ensembles

Multimodal magnetic resonance imaging (§3.2.4, §4.2.4)

Structural magnetic resonance imaging (sMRI) (§3.2.4 & §4.2.4 sMRI features)

sMRI quantifies morphometric characteristics of brain tissue such as cortical and sub-

cortical volumes, thickness as well as local gyrification, curvature, and area.

Thickness is the depth of the outer layer of neural tissues in the cerebrum and is
closely associated with motor control. In FreeSurfer, cortical thickness corre-
sponds to the distance between the white surface, i.e., gray-white matter bound-
ary and the pial surface, i.e., gray matter-cerebrospinal fluid boundary.

Local gyrification index (LGI) quantifies the amount of cortex buried within the

sulcal folds compared to the amount on the outer visible cortex.
Curvature in general is measured as 1/r by FreeSurfer, where r is the radius of
an inscribed circle. Mean curvature is the average of the two principal curvatures

with units (1/mm).



e Area corresponds to the white surface, i.e., gray-white matter boundary.

e Volume corresponds to the product of the surface area and cortical thickness.

Mentioned in §3.2.4 & §4.2.4 sMRI features

Diftusion tensor imaging (DTI) (§3.2.4 & §4.2.4 DTT features)
DTI measures the directional dependence of water molecules in tissue and can provide

information about white matter microstructural characteristics.

e Fractional anisotropy (FA) is the extent to which water molecules travel in

organised or random direction. It is a scalar value between 0 and 1. Higher FA
typically shows increased axonal count, neural density, and myelination.

e Mean diffusivity (MD) is the overall diffusion, calculated as the mean of the

three eigenvalues of the diffusion tensor. MD is a measure of organisation: Low
MD values show a well-organised structure and dense axonal packing.

e Radial diffusivity (RD) is the diffusion in the direction perpendicular to the

axonal fibres. Higher RD decreases shows decreased myelination and axonal
count.

e Axial diffusivity (AD) is the diffusion in the direction parallel to the fibre tracts.

Higher AD shows well-organised structure and fibre coherence.

Mentioned in §3.2.4 & §4.2.4 DTT features

Proton magnetic resonance spectroscopy ('H-MRS) (§3.2.4 & §4.2.4 MRS features)
Spectroscopy allows for the assessment of regional brain biochemistry. 'H-MRS can quan-

tify the concentration of various metabolites:

e Creatine (Cr) is a natural source of energy and often used to calculate ratios of
other metabolites because of its stability. Phosphocreatine (PCr) is phosphory-

lated form of creatine to mobilise phosphates to recycle adenosine triphosphate.



Choline (Cho) is needed to form membranes that surround tissue. Higher Cho
typically shows inflammation or infarction. Phosphocholine (PCh), like PCr, is a
phosphorylated form of Choline

Myo-inositol (Ins) indicates gliosis (proliferation of glial cells), inflammation, and
myelin degradation.

N-acetylaspartate (NAA) indicates axonal and neuronal density, so loss of neu-

rons is signalled by a decreased concentration.

Glutamate/Glutamine (Glu/Gln) is an excitatory neurotransmitter and is im-

portant to memory, cognition, and mood regulation.

N-acetylaspartylglutamate (NAAG) is a precursor to NAA and it modulates glu-

tamate release.

Mentioned in §3.2.4 & §4.2.4 MRS features



Appendix B: Supplementary Tables for Chapters 3 & 4
Demographics data of the study (Chapter 3 & Chapter 4)

We had 132 children part of our study. The follow is a table of demographics variables
(sample size, health status, sex, birth weight, ages at scan) for the children at both age
7 and 9. How these variables differ between clusters of “poorer” and “better” performing

children are given in the main text, Tables 3.1 & 4.2.

Table B.1| Demographics characteristics of the sample used in the study

Participants 132 children

Health status 63 controls, 69 HV

Sex 62 Female, 70 Male

Birth weight Mean = 3150g, standard error = 55g

Age at 7 years scan Mean = 7.22 years, standard error = 0.013 years
Age at 9 years scan Mean = 9.41 years, standard error = 0.05 years

Regression and classification performance of HIV and controls separately

In Chapters 3 and 4, the children living with and without HIV were treated as a single
homogenous group representing the low-socioeconomic status background cohort. Below
are the results for the analysis performed in the groups separately.

Table B.2 show the regression performance resulting from the individual prediction of
the 11 cognitive scores at age 7 of children living with HIV using PLMs, SVMs, and
DTEs and multimodal MRI at age 7, and Table B.3 is likewise the performance for the
children living without HIV (controls). Since the sample sizes are very small, we have

implemented the models with 5-fold cross validation.



Table B.2| PLMs, SVMs, and DTEs regression performance for children living with
HIV using the multimodal MRI dataset at age 7.

Cognitive =~ Model RMSE MAE r R? Algorithm with
test category lowest CV errors**
Learning PLM 5.24 4.14 0.04 0.00
SVM 4.16 3.02 0.13 0.05 Quadratic SVM
DTE 4.67 4.22 0.09 0.03
Planning PLM 7.08 6.77 0.04 -0.78
SVM 4.68 4.28 0.06 0.01 Linear SVM
DTE 4.83 4.44 0.08 0.00
Simultane- PLM 4.77 3.95 -0.38 -0.11
ous pro- SVM 4.81 3.99 -0.03 -0.09 Boosted DTE
cessing DTE 4.79 3.94 0.07 -0.08
Sequential PLM 5.96 5.07 -0.23 -1.01
processing SVM 4.35 3.80 -0.10 0.02 Lasso PLM
DTE 4.56 3.96 -0.10 -0.09
Beery-VMI PLM 2.37 2.04 -0.67 -0.16
SVM 2.31 1.99 0.14 -0.05 Linear SVM
DTE 2.34 2.01 0.07 -0.09
PPVT PLM 16.29 11.96 -0.11 -1.33
SVM 17.07 12.36 0.18 -0.09 Linear SVM
DTE 17.11 12.28 0.15 -0.09
SET PLM 3.40 2.94 -0.06 -0.39
SVM 3.11 2.66 -0.03 -0.09 Boosted DTE

DTE 2.95 2.46 0.17 0.05

TOVA API PLM 3.19 2.78 -0.37 -0.10

SVM 3.16 2.70 -0.01 -0.06 Bagged DTE
DTE 3.11 2.70 -0.02 -0.02

PPT Pre- PLM 2.56 2.24 -0.41 -0.11

ferred SVM 2.37 2.07 0.06 0.11 Bagged DTE
DTE 2.49 2.16 0.08 0.00

PPT non- PLM 2.43 2.08 -0.54 -0.12

preferred SVM 2.43 2.09 -0.08 -0.09 Bagged DTE
DTE 2.43 2.09 0.05 -0.10

PPT Both PLM 2.48 2.17 -0.35 -0.58

hands SVM 2.18 1.88 0.16 -0.06 Linear SVM

DTE 2.20 1.90 0.13 -0.09




Table B.3] PLMs, SVMs, and DTEs regression performance for children living without
HIV.

Cognitive =~ Model RMSE MAE r R? Algorithm with
test category lowest CV errors**
Learning PLM 5.32 4.22 0.03 0.01
SVM 4.24 3.10 0.15 0.06 Linear SVM
DTE 4.75 4.30 0.08 0.04
Planning PLM 7.16 6.85 0.03 -0.77
SVM 4.76 4.36 0.05 0.02 Cubic SVM
DTE 4.91 4.52 0.07 0.01
Simultane- PLM 4.85 4.03 -0.39 -0.10
ous pro- SVM 4.89 4.07 -0.04 -0.08 Boosted DTE
cessing DTE 4.87 4.02 0.06 -0.07
Sequential PLM 6.04 5.15 -0.24 -1.00
processing SVM 4.43 3.88 -0.11 0.03 Elastic net PLM
DTE 4.64 4.04 -0.11 -0.08
Beery-VMI PLM 2.45 2.12 -0.68 -0.15
SVM 2.39 2.07 0.14 -0.04 Linear SVM
DTE 2.42 2.09 0.06 -0.08
PPVT PLM 16.37 12.04  -0.12 -1.32
SVM 17.15 12.44 0.17 -0.08 Lasso PLM
DTE 17.19 12.36 0.14 -0.08
SET PLM 3.48 3.02 -0.07 -0.38
SVM 3.19 2.74 -0.04 -0.08 Boosted DTE

DTE 3.03 2.54 0.16 0.06

TOVA API PLM 3.27 2.86 -0.38 -0.09

SVM 3.24 2.78 -0.02 -0.05 Boosted DTE
DTE 3.19 2.78 -0.03 -0.01

PPT Pre- PLM 2.64 2.32 -0.42 -0.10

ferred SVM 2.45 2.15 0.05 0.12 Linear SVM
DTE 2.57 2.24 0.07 0.01

PPT non- PLM 2.51 2.16 -0.55 -0.11

preferred SVM 2.51 2.17 -0.09 -0.08 Lasso PLM
DTE 2.51 2.17 0.04 -0.09

PPT Both PLM 2.56 2.25 -0.36 -0.57

hands SVM 2.26 1.96 0.15 -0.05 Linear SVM

DTE 2.28 1.98 0.12 -0.08




**This is based on comparing regression errors between models. All the models produce

poor regression performance as shown by the r and R-squared values.

These are the classification performance results for poorer and better performing chil-
dren in each group of children living with (Table B.4) and without HIV (Table B.5).

The categories were performed using hierarchical clustering as detailed in Chapter 3.

Table B.4| Classification performance of SVM, DTE, and PLM for distinguishing
poorer (n = 24) vs better (n = 24) performing children living with HIV

Technique AUC Sensitivity ~ Specificity Accuracy Balanced Relevant
(%) (%) (%) accuracy  Features
(%0)*
SVM 0.61 68 52 54 60 60
DTE 0.55 52 53 51 53 79

*Balanced accuracy was computed due to imbalances in category memberships. It is the arithmetic mean
of sensitivity and specificity.
**Models failed to converge to a solution

Table B.5| Classification performance of SVM, DTE, and PLM for distinguishing
poorer (n = 16) vs better (n = 25) performing children living without HIV

Technique AUC Sensitivity ~ Specificity Accuracy Balanced Relevant
(%) (%) (%) accuracy  Features
(V0)*
SVM 0.53 61 52 52 57 7
DTE 0.57 51 52 49 52 64

*Balanced accuracy was computed due to imbalances in category memberships. It is the arithmetic mean
of sensitivity and specificity.
**Models failed to converge to a solution




Feature selection: prediction of categories of performance at ages 7 and 9 years

In Chapters 3 and 4, we have presented feature selection for only the best performing
models. Below are the selected features that were not presented for comparisons but
referred to in the text.

In the prediction of cognitive performance at age 7, Table B.6 shows the selected features
for RUS boosted decision tree ensemble (DTE). Table B.7 shows the selected features
for lasso penalised linear model (PLM). In the prediction of cognitive performance at
age 9, Table B.8 shows selected features using linear SVM on the MM7 dataset. Table
B.9 shows selected features using linear SVM on the MM9 dataset. Table B.9 shows

selected features using the CS7T+MMT79 dataset.

Table B.6| 48 features selected in the prediction of cognitive perfor-
mance at age 7 using RUSBoost trees

Feature Weight* x 107*
Left pallidum volume 296.05
Right pallidum volume 166.35
LH precentral volume 54.85
Left lateral ventricle volume 39.54
Right superior parietal area 38.89
RD in right inferior longitudinal fasciculus 36.91
Right cerebellum white matter volume 24.34
RH middle temporal mean curvature 22.89
LH pars triangularis mean curvature 22.27
RH cerebral white matter volume 19.11
Right cuneus thickness 21.56
RD in left inferior longitudinal fasciculus 17.59
Right superior frontal volume 17.29
LH cerebral white matter volume 17.12
Left superior parietal area 16.80
Left transverse-temporal volume 16.29
Right paracentral volume 16.03
Left accumbens area volume 15.56
RH mean thickness 15.09

Right thalamus proper volume 14.80



Left frontal pole area 14.60

Right postcentral volume 14.33
Left cuneus thickness 13.81
Left supramarginal volume 13.66
Left thalamus proper volume 12.83
Left supramarginal thickness 12.11
Right fusiform volume 12.03
Right transverse-temporal volume 11.79
CC anterior volume 11.11
AD in left uncinate fasciculus 10.99
Right para-hippocampal volume 10.93
CC posterior volume 9.80
Right caudate volume 9.32
Right isthmus cingulate volume 8.51
Left superior parietal volume 7.79
Left lingual volume 7.57
Left inferior lateral ventricle volume 7.57
Left frontal pole volume 7.28
Left hippocampus volume 5.46
Left caudate volume 5.43
Right temporal pole LGI 5.43
CSF volume 5.41
Left isthmus cingulate volume 5.41
Right lingual volume 5.01
Left sulcal banks volume 5.00
CC mid-posterior volume 5.00
CC central volume 4.98
Right amygdala volume 4.92

*Weights or coefficients in the final SVM model after recursive feature elimination
Abbreviations

LH - left hemisphere,

RH - right hemisphere

CSF - cerebrospinal fluid

CC - corpus callosum

LGI - local gyrification index




Table B.7| 45 features selected in the prediction of cognitive perfor-
mance at age 7 using lasso PLM.

Feature Weight* x 107*
Right superior parietal area 301.53
Right pallidum volume 171.83
LH precentral volume 60.33
Left lateral ventricle volume 45.02
Right cerebellum white matter volume 44.37
Left pallidum volume 42.39
RH middle temporal mean curvature 29.82
LH pars triangularis mean curvature 28.37
RH cerebral white matter volume 27.75
RD in left inferior longitudinal fasciculus 24.59
Right superior frontal volume 27.04
LH cerebral white matter volume 23.07
Left superior parietal area 22.77
Right paracentral volume 22.60
Left accumbens area volume 22.28
RH mean thickness 21.77
Left frontal pole area 21.51
Right postcentral volume 21.04
Left cuneus thickness 20.57
Left supramarginal volume 20.28
Left thalamus proper volume 20.08
Left supramarginal thickness 19.81
Right fusiform volume 19.29
Right transverse-temporal volume 19.14
CC anterior volume 18.31
AD in left uncinate fasciculus 17.59
Right para-hippocampal volume 17.51
CC posterior volume 17.27
Right isthmus cingulate volume 16.59
Left superior parietal volume 16.47
Left lingual volume 16.41
Left inferior lateral ventricle volume 15.28
Left frontal pole volume 14.80
Left hippocampus volume 13.99
Left caudate volume 13.27

Right temporal pole LGI 13.05



CSF volume 13.05

Left pallidum volume 12.76
Left sulcal banks volume 10.94
CC mid-posterior volume 10.91
CC central volume 10.88
Right amygdala volume 10.88
AD in right uncinate fasciculus 10.83
Right cuneus thickness 10.83
Right cuneus curvature 10.81

*Weights or coefficients in the final SVM model after recursive feature elimination
Abbreviations

LH - left hemisphere,

RH - right hemisphere

CSF - cerebrospinal fluid

CC - corpus callosum

LGI - local gyrification index

Table B.8| 26 features selected when predicting cognitive performance
categories at age 9 using the MM7 dataset

Feature Weight* x 10~*
PCr concentration 16.76
RH caudal anterior cingulate area 16.40
LH pars opercularis area 15.22
Glu concentration 9.63
RH superior frontal LGI 8.42
LH medial orbitofrontal LGI 8.36
AD in left cingulum 7.75
LH pars triangularis LGI 7.01
LH sulcal banks volume 6.66
RH superior parietal LGI 6.31
RH para-hippocampal thickness 6.01
Cr concentration 5.80
LH posterior cingulate mean curvature 5.52
RH caudal middle frontal LGI 5.43
RD in left inferior longitudinal fasciculus 5.01
Cho concentration 4.80
Left thalamus proper volume 4.73

RH caudal middle frontal area 4.67



NAA concentration 4.72

LH inferior temporal thickness 4.53
LH supramarginal thickness 4.16
MD in right uncinate fasciculus 3.98
RH supramarginal volume 3.86
MD in right superior longitudinal fasciculus 3.66
Right pallidum volume 3.56
Left pallidum volume 3.45

* Weights or coefficients in the final SVM model after recursive feature elimination
Abbreviations

LH/RH - left/right hemispheres, PCr - phosphocreatine, Glu - glutamate, AD - ax-
ial diffusivity, LGI - local gyrification index, Cho - choline, Cr - creatine, MD -
mean diffusivity

Table B.9| 24 features selected when predicting cognitive performance
categories at age 9 using the MM9 dataset

Feature Weight* x 10~*
NAA concentration 25.82
PCr concentration 25.46
RH caudal anterior cingulate area 24.28
RH superior parietal LGI 18.69
LH pars opercularis area 17.48
Glu concentration 17.42
RH superior frontal LGI 16.81
LH medial orbitofrontal LGI 16.07
AD in left cingulum 15.72
AD left corticospinal tract 15.37
LH pars triangularis LGI 15.07
LH sulcal banks volume 14.86
RH para-hippocampal thickness 14.58
RH supramarginal volume 14.49
Cr concentration 14.07
LH posterior cingulate mean thickness 13.86
LH caudal middle frontal curvature 13.79
MD in right inferior longitudinal fasciculus 13.73
Cho concentration 13.78

RH supramarginal thickness 13.59



RH caudal middle frontal curvature 13.22

Right pallidum volume 13.04
Left pallidum volume 12.92
LH inferior temporal thickness 12.72

* Weights or coefficients in the final SVM model after recursive feature elimination
Abbreviations

LH/RH - left/right hemispheres, PCr - phosphocreatine, Glu - glutamate, AD - ax-
ial diffusivity, LGI - local gyrification index, Cho - choline, Cr - creatine, MD -
mean diffusivity

Table B.10| 43 features selected when predicting cognitive performance
categories at age 9 using the CS7T+MMT79 dataset

Feature Weight* x 107%
Left pallidum volume age 7 304.70
Right pallidum volume age 9 175.00
LH precentral volume age 9 63.50
Left lateral ventricle volume age 9 48.19
Right superior parietal area age 7 47.54
RD in right inferior longitudinal fasciculus age 9 45.56
RH middle temporal mean curvature age 9 31.54
LH pars triangularis mean curvature age 9 30.92
RH cerebral white matter volume age 7 27.76
Right cuneus thickness age 7 30.21
RD in left inferior longitudinal fasciculus age 9 26.24
Right superior frontal volume age 9 25.94
LH cerebral white matter volume age 9 25.77
Left superior parietal area age 9 25.45
Left transverse-temporal volume age 9 24.94
Right paracentral volume age 9 24.68
Left accumbens area volume age 9 24.21
RH mean thickness age 7 23.74
Right thalamus proper volume age 9 23.45
Left frontal pole area age 7 23.25
Right postcentral volume age 9 22.98
Left cuneus thickness age 9 22.46

Left thalamus proper volume age 9 21.48



Left supramarginal thickness age 9 20.76

Right fusiform volume age 7 20.68
Right transverse-temporal volume age 9 20.44
CC anterior volume age 9 19.76
AD in left uncinate fasciculus age 9 19.64
Right para-hippocampal volume age 9 19.58
CC posterior volume age 9 18.45
Right caudate volume age 7 17.97
Left superior parietal volume age 9 16.44
Left lingual volume age 7 16.22
Left inferior lateral ventricle volume age 9 16.22
Left frontal pole volume age 9 15.93
Left hippocampus volume age 9 14.11
Left caudate volume age 9 14.08
CSF volume age 9 14.06
Left isthmus cingulate volume 14.06
Right lingual volume age 9 13.66
CC mid-posterior volume age 9 13.65
CC central volume age 9 13.63
Right amygdala volume age 7 13.57

*Weights or coefficients in the final SVM model after recursive feature elimination
Abbreviations

LH - left hemisphere,

RH - right hemisphere

CSF - cerebrospinal fluid

CC - corpus callosum

LGI - local gyrification index
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