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Abstract 

This thesis examines how neuroimaging models can be built, evaluated, and 

interpreted when predicting individual diBerences in cognition and behaviour. Across 

resting-state functional MRI and structural MRI, it focuses on three linked challenges: 

extracting useful predictive information from brain data, determining what signal 

predictive models are capturing, and understanding how confounding and 

population heterogeneity aBect generalisability. 

The first part of the thesis investigates whether variability across models of brain 

dynamics can be exploited rather than treated purely as nuisance. Using hidden 

Markov models of resting-state fMRI and a stacking framework, it shows that 

combining predictions across multiple model configurations can improve the 

robustness and accuracy of cognitive trait prediction. The second part examines 

what drives apparent dynamic functional connectivity and finds that much of the 

recoverable signal is consistent with mean activity and amplitude (i.e., variance), with 

more limited evidence for additional time-varying correlation. The third part 

considers the role of age in structural brain-cognition modelling and shows that 

brain-cognition relationships vary across age groups, with predictive models 

generalising asymmetrically across the lifespan. 

These findings highlight a recurring tension between model complexity, 

interpretability, and generalisability in predictive neuroimaging. The thesis therefore 

argues for a careful framework in which model performance is considered alongside 

what signal is being captured, how robustly findings transfer across populations and 

analyses, and what conclusions can reasonably be drawn from them. 
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Chapter 1. General Introduction 

Background 

A major goal of neuroimaging is to understand how variation in brain organisation 

relates to variation in cognition, behaviour, and clinically relevant traits across 

individuals. Predictive models are valuable because they test whether relationships 

between brain-derived measures and phenotypes extend beyond the sample in 

which they were observed (Smith et al. 2015; Vidaurre et al. 2021). This matters if 

neuroimaging is to produce models that are scientifically informative and relevant to 

clinical or other real-world questions, including cognitive decline and neurological 

disease (Mourao-Miranda et al. 2012; Kaufmann et al. 2019; Dinsdale et al. 2022). At 

the same time, prediction in neuroimaging remains diBicult: models must capture 

meaningful inter-individual variation and be robust to noise, confounding, and 

modelling choices, without losing sight of interpretability. 

Multiple neuroimaging modalities can be used to study individual diBerences, with 

each characterising diBerent aspects of brain structure and function. In resting-state 

fMRI, individual variation can be characterised through both regional activity and 

functional connectivity. Functional connectivity, typically estimated from correlations 

or covariances between regional or component time series, has been widely linked to 

cognitive and behavioural variation across subjects (Hampson et al. 2006; Hasson et 

al. 2009; Smith et al. 2015). Structural MRI provides a complementary perspective by 

capturing variation in brain structure, which can also be related to cognition, ageing, 

and neurological disease (Solé-Padullés et al. 2009; Fjell and Walhovd 2010; Suzuki 
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et al. 2019). Despite measuring diBerent aspects of the brain, both modalities raise 

similar questions about how brain features should be defined, interpreted, and 

evaluated for generalisation across individuals and populations. 

Neuroimaging studies have traditionally focused on association, asking whether 

brain measures covary with cognition, behaviour, or clinical traits. Predictive 

modelling asks a related but diBerent question: whether brain-derived features can 

support out-of-sample prediction for individual subjects. Prediction therefore 

provides a useful way to assess whether a given brain representation carries subject-

level information, even though predictive success does not by itself explain the 

underlying mechanism. 

Motivation and key challenges 

In resting-state fMRI, relationships between brain regions or components are often 

summarised using static functional connectivity, which averages those relationships 

across the full scan or session. Although this provides a useful subject-level 

summary, time-averaging can obscure temporal variation in functional organisation 

that may diBer across individuals. Dynamic functional connectivity approaches aim 

to capture this richer temporal structure and may provide information beyond time-

averaged summaries (Preti et al. 2017; Vidaurre et al. 2021). However, the presence 

of apparent temporal variation does not by itself establish meaningful time-varying 

reconfiguration of connectivity. Estimated dynamics can reflect multiple underlying 

sources, including changes in mean activity and amplitude, noise, preprocessing 

choices, and representation choices, rather than genuine covariance reconfiguration 

(Power et al. 2012; Leonardi and Van De Ville 2015; Bijsterbosch et al. 2017). This 
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makes model comparison, robustness checks, and external validation particularly 

important. 

In predictive neuroimaging, conclusions depend not only on the dataset under study, 

but also on choices about representation, model class, complexity, and estimation 

procedure. DiBerent reasonable modelling choices can produce diBerent 

representations of the data, diBerent levels of predictive performance, or both, 

creating a problem of model uncertainty (Varoquaux et al. 2017; Snoek et al. 2019). 

Although such variability is often treated as a nuisance, it may also reflect 

complementary information across models that can be combined to improve 

prediction (Wolpert 1992; Breiman 1996). At the same time, model comparison is not 

straightforward, because evaluation criteria such as cross-validation may favour 

particular representations or complexity levels for reasons that do not directly reflect 

the underlying neurobiology (Vidaurre 2024). Robustness, interpretability, and 

generalisability are therefore central considerations in predictive neuroimaging. 

Predictive neuroimaging also faces challenges from confounding and population 

heterogeneity. Predictive signal may partly reflect variables that are correlated with 

both brain measures and outcomes, rather than the relationship of interest itself, 

which makes careful deconfounding essential (Smith and Nichols 2018). 

Deconfounding is not always that clear, however, since some variables which are 

treated as nuisance variables can themselves be trait-like. For example, in-scanner 

head motion is a stable and heritable individual characteristic with a neurobiological 

basis that has previously been used as a phenotype, so regressing it out can actually 

remove subject-level signal alongside artefact (Zeng et al. 2014). 
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Even after deconfounding, brain-behaviour relationships may diBer across 

subgroups, so good performance in one sample does not guarantee comparable 

generalisation to another (Chen et al. 2022). Age provides an especially important 

example, because it is strongly associated with both brain structure and cognition 

(Salthouse 2010; Bethlehem et al. 2022), is often treated as a confound in predictive 

analyses (Bracher-Smith et al. 2022; Azevedo et al. 2023), and may also alter how 

brain structure relates to cognition across the lifespan (de Mooij et al. 2018). In such 

cases, pooled models may fail to capture meaningful subgroup-specific structure, 

and the choice between age-specific and pooled modelling depends on whether the 

priority is specificity within a target population or broader generalisability across 

populations (Greene et al. 2022).  

Datasets used across the thesis 

Several chapters in this thesis use data from the Human Connectome Project (HCP) 

and UK Biobank (UKB). These datasets are briefly described here to provide general 

context, while chapter-specific inclusion criteria, feature definitions, prediction 

targets, and additional analysis choices are described in the relevant chapters. 

HCP neuroimaging and non-imaging data 

Several analyses in this thesis use resting-state fMRI data from 1,001 subjects from 

the Human Connectome Project (HCP), a large publicly available neuroimaging 

dataset (Van Essen et al. 2013). Full acquisition details are described in Van Essen et 

al. (2012). In brief, 3T whole-brain fMRI data were acquired with 2 × 2 × 2 mm spatial 

resolution and a temporal resolution of 0.72s. Data were preprocessed using the 
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standard HCP pipeline (Smith et al. 2013), including motion correction, high-pass 

temporal filtering, and artefact removal using ICA+FIX (GriBanti et al. 2014). Across 

the fMRI analyses in this thesis, component time series were derived from ICA-based 

parcellations obtained using MELODIC (Beckmann and Smith 2004). In HCP, this 

yielded four resting-state runs of 1,200 time points each, giving 4,800 time points per 

subject in total. ICA-based parcellations were used throughout the fMRI analyses in 

this thesis, consistent with prior work suggesting that they are well suited to studying 

temporal variation in functional connectivity (Ahrends et al. 2022) and have been 

shown to perform well in predictive analyses of both HCP and UKB data (Pervaiz et al. 

2020; Ahrends et al. 2022). 

UKB neuroimaging and non-imaging data 

Several analyses in this thesis use data from UK Biobank (UKB), a large population-

based neuroimaging dataset (Sudlow et al. 2015). Chapter 2 uses UKB resting-state 

fMRI data, whereas Chapter 4 uses structural MRI-derived phenotypes. For the 

resting-state fMRI analyses, the sample comprised 16,352 subjects. Full acquisition 

details are described in Smith et al. (2022). In brief, 3T fMRI data were acquired with 

490 time points per session, a temporal resolution of 0.735 s, and 2.4 mm spatial 

resolution. Data were preprocessed using the standard UKB pipeline, including brain 

extraction, motion correction, high-pass temporal filtering, structured artefact 

removal using ICA+FIX, and registration to MNI152 space (GriBanti et al. 2014; Alfaro-

Almagro et al. 2018). Across the fMRI analyses in this thesis, ICA-based 

representations were used to derive subject-level time series; for UKB, surface-based 

node time series were generated using group-ICA surface maps from the HCP S1200 
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dataset (Van Essen et al. 2013), yielding 490 time points per subject. Structural 

imaging-derived phenotypes used in Chapter 4 were obtained from the UKB imaging 

pipeline, which applies standard preprocessing and quality control procedures prior 

to data release (Alfaro-Almagro et al. 2018). 

Thesis aims 

This thesis examines how neuroimaging models can be used to predict individual 

diBerences in cognition and behaviour. The central aim is not only to improve 

predictive performance, but also to understand what signal these models capture, 

how robust they are to modelling choices, and how well they generalise across 

subjects and populations. These questions are addressed across both resting-state 

functional MRI and structural MRI, treated here as complementary settings in which 

similar problems of representation, interpretation, and generalisation arise. 

This thesis addresses three related questions: 

1. How much useful predictive information can be extracted from high-

dimensional neuroimaging representations? 

2. What gives rise to apparent dynamic structure, and how should dynamic 

models be evaluated and interpreted? 

3. How do confounding and diBerences in brain–behaviour relationships across 

groups aBect model performance and generalisation? 
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Overview of chapters 

Chapter 2 examines prediction from resting-state fMRI using hidden Markov models 

and asks whether combining predictions across multiple model configurations can 

improve behavioural prediction. It addresses the first thesis question by testing how 

much useful predictive information can be extracted through model combination. 

Chapter 3 examines what drives apparent dynamic functional connectivity in resting-

state fMRI. It compares modelling and evaluation approaches to assess which 

aspects of apparent dynamic structure are reliably recoverable and how such signal 

should be interpreted. It therefore addresses the second thesis question. 

Chapter 4 turns to structural MRI and examines how age aBects the relationship 

between brain structure and cognition. It tests how age-related diBerences influence 

both predictive performance and generalisation across groups, thereby addressing 

the third thesis question. 

Overall, the thesis progresses from extracting predictive information, to interpreting 

apparent dynamic structure, to understanding how confounding and population 

heterogeneity aBect generalisation. 
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Chapter 2. Stacking models of brain dynamics to 

improve prediction of subject traits in fMRI 

Chapter preface 

This chapter is based on the following published article: GriBin, B., Ahrends, C., 

Gohil, C., Alfaro-Almagro, F., Woolrich, M. W., Smith, S. M., and Vidaurre, D. Stacking 

models of brain dynamics to improve prediction of subject traits in fMRI. Imaging 

Neuroscience 2 (2024). The material presented here is taken closely from the 

published version, with only minor editorial adjustments to align the formatting and 

presentation with the rest of the thesis. 

Introduction 

Resting-state fMRI is often used to study how individual diBerences in brain 

organisation relate to variation in cognitive and behavioural traits. In many analyses, 

functional connectivity (FC) is summarised by averaging interactions between brain 

regions or components across the full scan, yielding a static or time-averaged 

estimate that has been linked to working memory performance, higher-level cognitive 

processing, and other behavioural phenotypes (Hampson et al. 2006; Hasson et al. 

2009; Smith et al. 2015). However, such time-averaged summaries may overlook 

temporal variation in functional organisation during the scan. Dynamic FC 

approaches aim to capture this variation, and some studies suggest that they may 

carry behaviourally relevant information beyond static FC alone (Jia et al. 2014). In 
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some settings, combining dynamic and static FC has also improved prediction 

relative to static FC alone (Pievani et al. 2011; Fong et al. 2019; Kavitha et al. 2019). 

A common approach to examining brain dynamics is the sliding time window 

approach (Sakoğlu et al. 2010). Although there are several variants of this approach 

(Allen et al. 2014; Leonardi and Van De Ville 2015; Liégeois et al. 2016), the 

estimation of FC is inherently noisy and can be influenced by factors such as length 

and placement of the time windows, aBecting the model’s ability to detect temporal 

variations of interest (Preti et al. 2017; Mokhtari et al. 2019). An alternative is to use 

generative models of brain network dynamics trained on the full dataset, and then 

extract subject-level features for prediction. One example of this is the use of 

multivariate autoregressive models, which can capture dynamic FC at a temporal 

resolution of a few seconds and have been used to predict task-based phenotypes 

better than static FC (Liégeois et al. 2019).  

This chapter employs the Hidden Markov Model (HMM), a probabilistic model of 

temporal dynamics of amplitude and FC that characterises the data using a discrete 

number of amplitude and FC states and transitions between them (Vidaurre et al. 

2017). By modelling the brain data using diBerent parameterisations of the HMM, the 

aim is to identify distinct and complementary representations of the data. As 

previously demonstrated, the HMM can be combined with machine learning methods 

to predict subject traits from fMRI recordings (Vidaurre et al. 2021; Ahrends et al. 

2025). Nevertheless, the optimal selection and utilisation of HMM features to 

maximise prediction performance remains unclear. This chapter therefore 

investigates various approaches to generate features for improving prediction 
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performance, and uses kernel methods (Schölkopf & Smola, 2001; Shawe-Taylor et 

al., 2004) to predict subject-specific phenotypes from these features. 

Regardless of the chosen generative model, there can be two potential sources of 

variation in these predictions. First, there can be run-to-run variability (e.g., due to 

diBerent initialisations of model parameters or the stochasticity in parameter 

updates); the HMM inference is an example of this (Alonso and Vidaurre 2023), which 

can impact subsequent predictions made using features derived from the fitted 

HMM. Second, the choice of generative model hyperparameters, such as model 

order (i.e., number of HMM states) or regularisation strength, also aBects the 

estimated model and therefore the resulting predictions. While some of this 

variability may reflect estimation noise, some may also reflect distinct and 

complementary information across diBerent analyses of the same data.  

To address these challenges, this chapter employs a stacked generalisation 

framework (Breiman, 1996; Wolpert, 1992) designed to reduce variability arising from 

estimation noise while leveraging potentially useful variation across model fits to 

improve robustness and prediction accuracy for subject traits. Previous studies have 

used stacking to integrate multimodal neuroimaging data for age prediction 

(Engemann et al. 2020) and mild cognitive impairment classification (Vaghari et al. 

2022). Here, stacking is used to substitute model selection with model integration—

in other words, this approach bypassed the complex decision of selecting the best 

HMM hyperparameter choices, albeit at the expense of increased computation. 

Specifically, our method aimed to integrate complementary descriptions of brain 

dynamics, such as capturing diBerent temporal scales, as they are captured by 
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diBerent configurations of the HMM (i.e., across a wide range of hyperparameters), to 

produce a single model that combines information across configurations.  

Focusing on resting-state fMRI (rfMRI) due to its wide availability, this chapter 

explores the eBicacy of the stacking framework on data from two large-scale 

neuroimaging datasets: UK Biobank (UKB) (Sudlow et al. 2015) and the Human 

Connectome Project (HCP) (Van Essen et al. 2013). For both datasets, the 

relationship between rfMRI data and a range of cognitive traits is examined. The 

chapter examines whether stacking predictions generated from diBerent 

configurations of the HMM can improve robustness and accuracy relative to simpler 

approaches. 

Methods 

To predict a set of cognitive traits from models of rfMRI FC dynamics, our approach 

involved multiple steps. In brief, we first independently ran the HMM on the rfMRI 

data multiple times, generating a prediction from each HMM (referred to as base-

level predictions). Subsequently, we used these base-level predictions as input 

features for a meta-model to generate a stacked prediction. 

The process used to produce a base-level prediction is outlined in Figure 1. For each 

base-level prediction, an HMM was run on a temporally concatenated fMRI 

timeseries of all subjects to obtain a group-level HMM (Vidaurre et al. 2017; Vidaurre 

et al. 2021); from which subject-specific HMM parameters were inferred using dual 

estimation (Vidaurre et al. 2021) (Figure 1a). We then turn the covariance matrices of 

each brain state into a precision matrix, before projecting them onto the (Riemannian 
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manifold) tangent space; The elements of these projected matrices are then 

vectorised for all subjects to develop a feature matrix used for prediction (Figure 1b). 

Finally, subject-specific trait predictions were generated using a kernel ridge 

regression (KRR) model with a linear kernel (Figure 1c).  

Specifically, we generated 100 base-level predictions in this way, independently 

estimating an HMM for each base-level prediction from the same fMRI timeseries; 50 

times with fixed hyperparameters (to investigate the run-to-run variability of the 

HMM), and 50 times with varying hyperparameters (to investigate variability induced 

by varying the hyperparameters of the HMM). We then generated two stacked 

predictions by separately combining the two sets of 50 predictions. We now present 

all the steps that integrate this procedure in more detail and introduce the two 

datasets to which we applied the framework, UKB and HCP. 

For completeness, we also compared this approach to the Fisher kernel method (see 

Supplementary Methods 1.1), a mathematically principled approach to predicting 

target variables from an HMM. 

  



 

 13 

 

Figure 1 Procedure for predicting subject traits from resting-state fMRI (rfMRI) timeseries. (a) Generative 
Model. (i) rfMRI in groupICA parcellations with 50 ICs are concatenated across all subjects from UKB and 
HCP (separately). (ii), (iii) The hidden Markov model is trained on the timeseries, where different HMM 
hyperparameters, such as number of states (𝐾) or a parameter controlling the prior probability of remaining in 
the same state (𝛿), lead to different HMM descriptions. (b) Functional Connectivity Analysis. (iv) 
Regularized precision matrices are estimated by finding the inverse of the covariance matrix for each brain 
state. (v) The precision matrices are projected onto the tangent space to improve the validity of then applying 
Euclidean methods. (vi) The elements of the tangent space projection are vectorised for each subject and 
combined with the brain state means and transition probabilities to form the feature matrix. (c) Predictive 
Method. (vii) A linear kernel matrix is generated from the features. (viii) This kernel is used as a predictor in a 
(nested) cross-validated, deconfounded kernel ridge regression model to predict subject traits, where the 
optimal regularisation parameters are found via 10-fold cross-validation. (ix) This last step is carried out 
independently to predict multiple cognitive traits. 

HCP neuroimaging and non-imaging data 

For the analyses in this chapter, we used the HCP data described in Chapter 1 and 

derived component time series using a 50-component ICA parcellation obtained with 

MELODIC (Beckmann and Smith 2004). For performance evaluation, all traits related 

to fluid intelligence, together with the unadjusted cognitive test scores, were 

selected, giving 15 cognitive traits in total. The full list of these traits is provided in 

Supplementary Table SI-1. 
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As in Vidaurre et al. (2017), sex and motion were controlled for in all analyses. 

Confounds were regressed out from both predictor and target variables using linear 

regression, with regression parameters estimated on the training set and then applied 

to both training and test data. Familial relationships were also taken into account 

when assigning subjects to cross-validation folds, such that related subjects were 

never split across folds. 

UKB neuroimaging and non-imaging data 

For the UKB analyses in this chapter, using the UKB resting-state fMRI data described 

in Chapter 1, surface-based node time series were generated using 50-dimensional 

group-ICA surface maps from the HCP S1200 dataset, to allow a more direct 

comparison with HCP. 

Furthermore, the number of traits investigated in UKB was also matched to the 

number investigated in HCP to allow a more direct comparison between datasets. 

Cognitive traits with missing values for more than half of UKB subjects were first 

excluded. Preliminary analyses were then performed for the remaining 450 cognitive 

traits in UKB (out of 1,331 cognitive traits in total), from which the top-performing 15 

traits were selected based on prediction accuracy. The focus on the most predictable 

traits was motivated by the fact that stacking combines predictions from base 

estimators, and is therefore most informative when those underlying estimators 

achieve at least a modest level of accuracy. The prediction accuracies for all 450 
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cognitive traits are provided in Supplementary Figure SI-1, and the list of the 

selected 15 traits is given in Supplementary Table SI-2.  

Trait selection was designed to avoid bias towards any particular HMM configuration 

or towards the stacked approach itself, given that the main aim was to evaluate 

stacking of predictions from dynamic FC. In addition, when comparing predictions 

from dynamic FC with those from static FC, care was taken to avoid bias towards any 

dynamic approach. To achieve this, the preliminary trait-selection analysis was 

based on prediction accuracies obtained from static FC. 

As with HCP, confounds were regressed out from both predictor and target variables, 

with regression parameters estimated on the training set and then applied to both 

training and test data. A reduced confound set was derived from the 562 UKB imaging 

confounds provided by Alfaro-Almagro et al. (2021). This reduced set included 

conventional confounds such as sex, scanning site, head size, and head motion 

(using FSL’s FEAT (Woolrich et al. 2001) and EDDY (Andersson et al. 2016; Andersson 

et al. 2017)), together with principal components derived from the remaining 

confounds using singular value decomposition, retaining components that explained 

85% of the variance. 

The hidden Markov model 

The hidden Markov model is a generative probabilistic model that can find recurrent 

patterns of amplitude and FC from fMRI (Vidaurre et al. 2017). The model assumes 

that there is a discrete number of hidden states, each associated with a unique 

probabilistic model, that generates the observed data. In the main body of this paper, 
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we chose to model both the FC and signed amplitude in the observation model for 

each state. However, it is possible to parametrise the HMM to focus primarily on FC, 

where each hidden state is characterized by a Gaussian distribution observation 

model with no mean vector parameter (which corresponds to the signed amplitude) 

and a full covariance matrix to capture the pairwise covariance across regions (or 

equivalently a Wishart distribution; Vidaurre et al., 2021). We have also considered 

this alternative parametrisation (see Supplementary Figure SI-2). 

An adequate choice for fMRI is to model these brain states as Gaussian distributions, 

where each state 𝑘 (of a total 𝐾 states) is governed by two sets of parameters - a 

mean vector 𝜇!, which can be interpreted as the mean amplitude for each of 𝑀 brain 

regions from a specified parcellation (here M group-ICA components), and a 

covariance matrix Σ", which can be interpreted as FC between the 𝑀 brain regions. 

The model inference also estimates the initial probabilities that the timeseries start in 

each of the 𝐾 states, given by 𝜋, as well as the probabilities of transitioning between 

states, given by a transition probability matrix 𝐴.  

The HMM used to represent the fMRI data is described by this set of parameters, 𝜃 

(see Figure 1a), where 𝜇 and Σ represents the mean vectors and covariance matrices 

across all states: 

	 𝜃 = [𝜋, 𝐴, 𝜇, 𝛴]							𝜋 ∈ ℝ!"# , 𝐴 ∈ ℝ#"# , 𝜇 ∈ ℝ#"$ , 𝛴 ∈ ℝ#"$"$ .	 (1)	

The optimal parameters are estimated from the data at the group level (i.e., the state 

probability distributions are the same for all subjects)1. Following this, subject-

 
1The initial state probabilities, 𝜋, are excluded from the prediction analysis since they contain minimal 
informative information for subject trait predictions at the expense of extra computation. 



 

 17 

specific HMM parameters can be determined using dual estimation (Vidaurre et al. 

2021), which can subsequently be used as features for prediction. 

In the HMM generative process, we assume that each time step 𝑡 of the observed 

fMRI timeseries 𝑋#  involves sampling from a Gaussian distribution with mean 𝜇!  and 

covariance Σ!  when state 𝑘 is active: 

	 𝑋%|𝑞% = 𝑘	~	𝑁(𝜇& , Σ&), (2)	

where 𝑞#  is the active state at time 𝑡. This currently active state, 𝑞#,  depends on 

the previous state 𝑞#$% and is determined by the transition probabilities 𝐴. 

Consequently, the sequence of states is generated by sampling from a categorical 

distribution with parameters:  

	 𝑞%|(𝑞%'! = 𝑘)	~	𝐶𝑎𝑡(𝐴&). (3)	

where, 𝐴!  represents the 𝑘-th row of the transition probability matrix. 

When applying the HMM, in this study there were two potential sources of variability. 

The first we refer to as run-to-run estimation variability, which can arise both from the 

random initialisation of the HMM estimation process for a given dataset, and from the 

stochastic inference method applied. Random initialisation refers to the random 

assignment of parameter values, such as the state parameters or transition 

probabilities, at the beginning of the training process. Furthermore, we used an 

eBicient stochastic approach for the HMM estimation, which applies the principles of 

stochastic optimisation to variational inference (Vidaurre et al. 2018). This approach 

is computationally cheaper and suitable for large neuroimaging datasets such as 
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UKB and HCP. However, it introduces variability in the estimation of the state-time 

courses, which are determined by the Baum-Welch algorithm (Baum et al. 1970). At 

each iteration, the estimation of the state-time course is updated based on a random 

subset of subjects, which is a noisy but computationally eBicient approach. Since 

the HMM optimisation can converge to local minima, diBerent initialisations and 

batches of subjects for the estimation can impact the accuracy of subsequent 

predictions. 

The second source of variability comes from the selection of the hyperparameters of 

the HMM, which are set by the user. We refer to this as hyperparameter selection 

variability. By varying the hyperparameters, we can discover distinct patterns of FC, 

for example across diBerent time scales (Ahrends et al., 2022). In our study, we 

focused on varying two HMM hyperparameters: the number of states (𝐾), and the 

prior probability of remaining in the same state (d), which is parametrised by the prior 

Dirichlet distribution concentration parameter of the corresponding prior 

distribution2 (Masaracchia et al. 2023), which eBectively influences the time scale of 

the estimate. This parameter determines the size of the diagonal elements in the 

prior distribution of the hidden states (i.e., the transition probability matrix). 

In total, we fit the HMM to the same rfMRI timeseries 100 times; 50 times with fixed 

hyperparameters3 (i.e., with random initialisations and random batches of subjects 

for the stochastic inference), and 50 times with varying hyperparameters4 (i.e., with 

 
2 In the HMM-MAR MATLAB toolbox and the glhmm Python toolbox, this is specified by the 
‘DirichletDiag’ and ‘dirichlet_diag’ options respectively. 
3 𝐾 = 6, 𝛿 = 10 
4 𝐾 ∈ {3, 6, 9, 12, 15}, 𝛿 ∈ {10,100, 1000, 10000, 100000}. See Supplementary Table SI-3 for full 
details. 
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additional variability coming from the selection of hyperparameters). When fixing the 

hyperparameters, we chose 𝛿 = 10, the default setting in the HMM-MAR toolbox, and 

𝐾 = 6, commonly used values in recent literature (Quinn et al. 2018; Vidaurre et al. 

2018; Alonso and Vidaurre 2023). The choice of states represents a compromise 

between having a higher number of states, which can increase the chances of certain 

states being present in only a subset of subjects, and a lower number of states, which 

can increase the chance of assigning entire sessions to a single state (i.e., model 

stasis) (Ahrends et al. 2022). Nevertheless, the specific choice of hyperparameters is 

less critical to our study, as our focus when fixing the hyperparameter is to investigate 

run-to-run variability which could be done with an alternative configuration. 

When we varied the hyperparameters, our objective was to investigate both run-to-

run variability and hyperparameter selection variability, irrespective of the specific 

hyperparameter settings employed. Therefore, we used a wide range of 

hyperparameters and repeated each hyperparameter combination twice with 

diBerent initialisations and diBerent subject batches for the stochastic inference. As 

a result, we anticipated a greater degree of variability when adjusting the 

hyperparameters of the HMM, since we expect to encounter both types of variability. 

Generating features for prediction from an HMM estimate 

After performing dual estimation, subject-specific HMM features (including the brain 

state covariances and means, and transition probability matrices) can be used for 

prediction. However, using full covariance matrices to estimate functional 

connectivity does not diBerentiate between direct and indirect connections between 

brain regions (i.e., connections mediated through other brain regions). Partial 
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correlations can address this limitation, potentially leading to superior predictions 

(Pervaiz et al. 2020). Partial correlation between two brain regions is defined as the 

correlation between them after controlling for all other regions. 

In the context of dynamic FC, we can calculate the partial correlation matrix from the 

covariance matrix of a given brain state, Σ". To determine the partial correlation 

matrix, we can use the precision matrix (i.e., the inverse of the covariance matrix). 

Specifically, given the elements of the precision matrix, Σ"$% = Ω" = 𝑝&', partial 

correlations for the corresponding brain state, 𝜌!, are given by: 

	 𝜌& =	−
𝑝()

>𝑝((𝑝))
. (4)	

To obtain the precision matrix, we can simply use the Cholesky decomposition 

(Krishnamoorthy and Menon 2013) to factorise the covariance matrix into an upper 

triangular matrix, 𝑅,  

Σ* = 𝑅+𝑅, (5)	

before taking the inverse: 

Ω& =	Σ*'! = 𝑅'!(𝑅'!)+ . (6)	

We performed this analysis for each brain state for a given HMM, and subsequently 

for all HMMs.  

To mitigate the issue of instability which can arise from inverting the covariance 

matrix, we incorporate Tikhonov regularisation (Golub et al. 1999), also known as L2-
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regularisation. Specifically, we add a penalty term to the covariance matrix before 

inverting it to calculate the regularised precision matrix for a given state, Ω5!: 

ΩA& = (Σ* + 𝑎𝐼)'!. (7)	

where 𝑎 is the regularisation parameter, and 𝐼 the identity matrix. 

We found that the optimal level of regularisation depended on the number of HMM 

states (see Supplementary Methods 1.2 for details). 

Both the set of covariance matrices and precision matrices corresponding to a given 

brain state are inherently symmetric and positive definite. The space of symmetric 

positive definite matrices forms a Riemannian manifold (Jayasumana et al. 2013), for 

which Euclidean metrics are not suitable. Therefore, we instead use a method to 

approximate the Riemannian distance between covariance matrices, which involves 

projecting the matrices onto the tangent space. 

To carry out this projection, it is necessary to select a reference point for the tangent 

space placement, ideally situated close to the subjects’ projected covariance matrix. 

Typically, an average of all subjects’ covariance matrices is chosen as the reference 

point, for which we here use the Riemannian average (Moakher 2005). After 

calculating the group average for the reference point, 𝐶(, we use the logarithmic map 

(Barachant et al. 2013) to project a covariance matrix for a given subject, 𝐶)	, onto the 

tangent space (see Figure 1b): 

𝐶,	DDDDD⃗ = 	 log- I𝐶.
'!/𝐶,𝐶.

'!/J. 
(8)	
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This can be done for both the set of covariance matrices and the precision matrices. 

Subsequently, the features of these projected matrices can be used as features for 

prediction, alongside other relevant HMM features such as the state means and 

transition probabilities. 

Static FC 

To compare the performance of our dynamic FC predictions with simpler methods 

that do not consider brain dynamics, we also used time-averaged FC (also referred to 

as static FC) for prediction. To be comparable to the dynamic FC predictions, we 

repeated the same analysis pipeline as for the covariance matrices from dynamic FC. 

We first computed the covariance among all pairs of brain regions across the entire 

time series. Subsequently, we calculated the precision matrix by inverting the 

covariance matrix with L2-regularization. Finally, we projected the set of precision 

matrices onto the tangent space, before using these projected matrices as features 

for prediction using our chosen kernel-based prediction approach. 

Kernel ridge regression (KRR) 

In this study we adopted a kernel-based approach to predicting behavioural traits 

from HMM features, using a simple linear kernel. For subjects 𝑚 and 𝑛 with feature 

vectors 𝑈+  and 𝑈) respectively, elements of the linear kernel matrix, 𝐾,, were 

calculated via: 

𝐾0	(𝑚, 𝑛) = 𝑈-	
+ ⋅ 𝑈,. (9)	

The dot product was computed for all subject pairs to obtain the similarity matrix, 

which could then be used with any suitable kernel prediction method or classifier to 
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determine the relationship between the subjects’ time-varying activity and FC 

patterns and their cognitive traits. 

In this study we used KRR due to its prevalence in neuroimaging literature, eBiciency, 

and ability to achieve comparable performance to more complex approaches such 

as deep learning (T. He et al., 2020; Mihalik et al., 2019). 

KRR is the kernelised version of ridge regression (Saunders et al. 1998). Given a 

subject trait to predict, 𝑦, regression coeBicients, 𝛼, are determined by solving the 

optimisation problem: 

min
2
S|𝐾0𝛼 − 𝑦|S

/
 subject to	S|𝛼|S/ = 𝜆, (10)	

where 𝜆 is the L2-regularisation chosen by cross-validation. We employed a nested 

cross-validation scheme to identify the optimal level of regularisation across 10 

distinct folds, which is important to reduce the risk of overfitting. 

The optimal regression coeBicients, 𝛼∗, can then be estimated as: 

𝛼∗ = (𝐾0 + 𝜆𝐼)'!𝑦, (11)	

where 𝐼 is the identity matrix. 

We used KRR to generate base-level predictions corresponding to independent runs 

of the HMM on the same data, for 15 cognitive traits from the UKB and HCP datasets. 

Stacking 

Stacking, or stacked generalisations, is a method which can be employed to 

potentially improve the predictions generated from methods such as KRR. 
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Specifically, stacking is a technique that combines the predictions from multiple 

base models by training a meta-model that uses the base model predictions as input 

features. 

Given multiple base models, the objective is to determine optimal model 

coeBicients, or stacking weights, for combining the base-level predictions to 

generate the best stacked predictions for a given subject trait. To achieve this, a 

common approach is to use the base-level predictions as input features in a 

constrained linear regression, where the model coeBicients are forced to be non-

negative and sum to 1 (Breiman 1996):  

min
4
WS𝑌Yβ − 𝑦SW

/
 subject to	 𝛽 ≥ 0, ∑𝛽 = 1 (12)	

where 𝑌@  is the feature matrix (formed of base-level predictions), 𝑦 represents the 

corresponding subject traits, and 𝛽 are the stacking weights to be determined. 

The base-level predictions are likely to be highly correlated, particularly when 

generated from HMMs with identical hyperparameters. Therefore, if unconstrained 

least squares is used to determine the stacking weights, there is no guarantee that 

the resulting stacked prediction would stay within the range of the base-level 

predictions and generalisation may be poor; however, by imposing non-negativity and 

sum-to-1 constraints, an interpolating prediction is developed (see Breiman (1996) 

for details). 

The primary contribution of this paper is the implementation of a stacked 

generalisation scheme (Wolpert, 1992) to combine predictions obtained from 

multiple HMM runs using the previously described approaches. After developing 
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multiple base-level predictions, we used a two-layered nested cross-validation 

scheme to generate out-of-sample stacked predictions (i.e., predictions for unseen 

subjects). 

A summary of the stacking and nested cross-validation framework is depicted in 

Figure 2. Initially, the subjects were divided into 10 folds. Each fold was sequentially 

chosen as the outer loop test set, while the remaining 9 folds formed the outer loop 

training set. This outer loop served as the first layer of the nested cross-validation and 

was used to evaluate the performance of the stacked model. The subjects in the 

outer loop training set (i.e., 90% of the full sample) were further divided into 10 folds, 

which served as the 9 training folds and 1 test fold for the inner loops of the cross-

validation. This constituted the second layer of the nested cross-validation, involving 

two inner loops using the same cross-validation folds. These inner loops served two 

purposes: optimising the regularisation parameter and determining stacking weights. 

The first inner cross-validation loop (see inner loop 1 in Figure 2) was used to tune the 

L2-regularisation parameters of the KRR models. This process was carried out 

separately for each kernel matrix obtained from the respective HMM. Following that, 

the second inner cross-validation loop, (see inner loop 2 in Figure 2) was used to 

determine stacking weights. In this step, the optimised KRR regularisation 

parameters (from inner loop 1) were used to generate 50 base-level predictions for all 

inner loop subjects (or, equivalently, the outer loop training subjects; see inner loop 2 

in Figure 2). These base-level predictions were subsequently used as input features 

in a meta-model to generate stacking weights, where the stacking weights were 

forced to be non-negative and sum to 1. 
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Finally, we developed stacked predictions for the outer loop test set. To do this, we 

used the optimised KRR regularisation parameters generated in inner loop 1 to 

generate base-level predictions for the outer loop test set. We then combined these 

outer loop test set predictions with the stacking weights generated from inner loop 2 

(in other words the outer loop training set) to produce out-of-sample test set stacked 

predictions, used to evaluate model performance. We completed this analysis for 50 

HMMs with fixed hyperparameter (to test run-to-run variability of the HMM), and 50 

HMMs with varying hyperparameters (to test hyperparameter selection variability). 

This resulted in two sets of 50 base-level predictions and two corresponding stacked 

predictions. Through this approach, we sought to create a more robust stacked 

prediction with superior accuracy.  

By varying the hyperparameters of the HMM, our objective was to explore diBerent 

configurations that could reveal unique brain state distributions, accurately capturing 

information across subjects. However, adjusting these hyperparameters can 

sometimes lead to inadequate characterisation of brain data. For instance, the 

choice of the number of states can impact model stasis (Ahrends et al. 2022). To 

assess the diversity of the predictions, we examined the correlation between 

predictions generated by distinct HMMs to indicate if they potentially contained 

diBerential information. Additionally, we examined the accuracy of these predictions 

to discern whether diversity was driven by inaccurate predictions, or whether they 

were distinct and complementary. By combining diverse yet accurate predictions 

(e.g., multiple predictions which are accurate, but each one explains one aspect of 

the data better than the others), we aimed to develop accurate subject-specific trait 
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predictions. This approach also oBers the advantage of circumventing the challenge 

of model selection by combining the information from multiple representations of the 

data.  
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Figure 2 Cross-validation framework for stacking 50 base-level predictions developed from kernel matrices 
generated from the features of 50 distinct hidden Markov models. (1) Kernel matrices: 50 group-level HMMs 
were run on the concatenated rfMRI timeseries across subjects, from which subjects-by-subjects kernel 
matrices were developed from the features of each HMM. (2) Outer loop: the subjects were split into 10 
cross-validation folds, where each fold was selected in turn as an outer loop test set (used for stacked model 
performance evaluation), and the remaining 9 folds are used as an outer loop training set. The training 
subjects were further divided into 10 cross-validation folds, which are used for two purposes. (3) Inner loop 1: 
this loop was used to optimise the L2-regularisation parameter, 𝜆. (4) Inner loop 2: using the optimised 𝜆 
from inner loop 1, base-level predictions were developed for all inner loop subjects (or equivalently the outer 
loop training subjects). (5) Base level predictions: Separately, base-level predictions are generated for the 
outer loop test subjects using the optimised hyperparameter from inner loop 1. (6) Stacking weights: The 50 
base-level estimators from inner loop 2 were then stacked, with the stacking weights constrained to be non-
negative and sum to 1. (7) Out-of-sample stacked prediction: Finally, the stacking weights are combined 
with the base-level predictions for the outer loop test subjects to produce out-of-sample stacked predictions 
for a selected cognitive trait. This is repeated for all 10 outer loop cross-validation folds. 

Performance Evaluation 

We evaluated predictions for 16,352 subjects from UKB, and 1,001 subjects from 

HCP, or as many subjects as data were available for a given trait. To investigate the 

eBectiveness of stacking, we compared the performance of the stacked prediction 

with the base-level predictions that were combined to generate it. We also compared 

our stacked prediction with the common and most simplistic form of combination, 

which involves taking the average of all base-level predictions so that each one 

contributes equally to the final prediction (Lincoln & Skrzypekt, 1989; Perrone & 
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Cooper, 1992; Tumer & Ghosht, 1996). In other words, given 𝑘 base-level predictions, 

𝑦B!, we combine them as follows: 

Simple averaging: 						𝑦_5678597 =	
!
:
∑ 	𝑦_& .:
&;!  (13)	

Our models were assessed based on accuracy and robustness. Accuracy was 

measured using the coeBicient of determination, R2 (see Supplementary Methods 

1.3 for details).  

For a model to be robust, the model’s accuracy should be consistent across 

variations of the training set. Robustness is extremely important for real-world 

applications, but often a short-coming in neuroimaging-based prediction studies 

(Varoquaux et al. 2017).  

We estimated prediction accuracy using 10-fold cross-validation. For each trait, we 

repeated the cross-validation process 10 times using diBerent randomised folds, 

following the approach of Džeroski & Ženko (2004). This allowed us to assess the 

consistency and variance of our models’ accuracy. To assess accuracy, we 

calculated the mean R2 scores across the 10 cross-validation iterations. To assess 

robustness, we examined the variance of the R2 scores across the 10 iterations. 

To assess the statistical significance of the diBerences in accuracy between our 

diBerent approaches, we used the corrected repeated k-fold cross-validation test 

(Bouckaert and Frank 2004), where we used 𝑟 = 10 repeats of 𝑘 = 10 fold cross-

validation. 
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For a given fold 𝑖 and repetition 𝑗 of the cross-validation, let the accuracy of two 

prediction approaches be 𝑎&'  and 𝑏&', and their diBerence be 𝑥&' = 𝑎&' − 𝑏&'. The 

corrected repeated k-fold t-statistic is given by: 

𝑡 = 	
1
𝑘 ⋅ 𝑟 ∑ ∑ 𝑥()8

);!
&
(;!

b 1
𝑘 ⋅ 𝑟	 +	

𝑛/
𝑛!
𝜎_/

, 
(14)	

where 𝑛% and 𝑛. are the number of training and test instances respectively, and 𝜎B. is 

an estimate for the variance of the diBerences given by: 

𝜎_/ =
1

𝑘 ⋅ 𝑟 − 1
dde𝑥() −

1
𝑘 ⋅ 𝑟

dd𝑥()

8

);!

&

(;!

f
8

);!

&

(;!

/

 
(15)	

 We compared the mean prediction accuracies across 15 subject traits for each 

dataset separately. To account for multiple comparisons (i.e., the 30 diBerent tests 

composed of the 15 comparisons between diBerent stacking approaches for the 2 

datasets), we applied Benjamini-Hochberg’s False Discovery Rate (FDR) procedure 

(Benjamini and Hochberg 1995) to correct the resulting p-values. 

To investigate the robustness of stacking, we compared the variance of the 

distribution of accuracies across cross-validation iterations between base-level 

predictions and stacked predictions. Since the distributions did not follow a normal 

distribution for certain traits (see Supplementary Table SI-4 for details), we used 

Levene’s test to compare the distributions. Similar to our previous analysis, p-values 

were corrected using Benjamini-Hochberg’s FDR procedure (across the 60 diBerent 

tests comprised of 15 from UKB and 15 from HCP tests for the two sets of Levene’s 

tests). 
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Results 

In this section, we investigate the eBectiveness of stacking predictions using HMMs 

with fixed hyperparameters and HMMs with varying hyperparameters. We find that 

stacking predictions obtained from HMMs generally improves prediction accuracy, 

although its eBectiveness compared to alternative prediction approaches depends 

on the dataset. We then showcase the flexibility and power of stacking by combining 

predictions from static FC with those from dynamic FC. Furthermore, we show that 

stacking can improve the robustness of predictions, but that the success of stacking 

compared to simpler model averaging depends on sample size. Finally, we explore 

the factors contributing to the eBectiveness of stacking in certain scenarios.  

The results presented in the subsequent section focus on predictions generated 

using the methodological steps outlined above. Specifically, we model data from 

rfMRI time series obtained from an ICA50 parcellation using an HMM that focuses on 

both the FC between regions and their activation patterns. We then estimate 

precision matrices from the covariance matrices representing the functional 

connectivity between brain regions, and project these onto the tangent space before 

generating predictions. Each of these steps represents a methodological choice that 

influences the subsequent predictions. In Supplementary Figure SI-3, we provide 

additional analyses exploring alternative options. These options include using 

covariances (as opposed to partial correlations) and using the Fisher kernel method. 



 

 32 

Stacking predictions generated from HMMs with varying 

hyperparameters can improve prediction accuracy  

Our analysis revealed that combining predictions generated from 50 HMMs with fixed 

hyperparameters (i.e., those with run-to-run variability caused by diBerent 

initialisations and the stochasticity of the HMM inference) resulted in a higher 

average prediction accuracy than base-level predictions for UKB but was generally 

ineBective for HCP.  

Figure 3 provides a comparison of the distribution of explained variance (coeBicients 

of determination; R2) between predictions generated from HMMs with fixed 

hyperparameters (depicted in blue) and observed subject traits for three approaches: 

base-level predictions (shown by the boxplots), averaging base-level predictions 

(shown by the crosses) and stacking them using constrained least squares (shown by 

the triangles). The respective comparison between predictions generated from HMMs 

with varying hyperparameters (depicted in yellow) and observed traits are also 

shown. 

The results for the UKB are depicted in Figure 3a. Across 15 traits and 10 cross-

validation repetitions, stacking predictions from HMMs with fixed hyperparameters 

exhibited a higher average prediction accuracy compared to base-level predictions 

(showing a statistically significant but very modest improvement), but performed 

equally to simply averaging across base-level predictions (mean R2 STACKED: 0.0524 vs. 

mean R2 BASE: 0.0497, pBH<0.01; vs. mean R2 AVERAGE: 0.0525, pBH=0.374). On the other 

hand, stacking predictions obtained from HMMs with varying hyperparameters 

exhibited small improvements over both the base-level predictions and simple 
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averaging (mean R2 STACKED: 0.0559 vs. mean R2 BASE: 0.0488, pBH<0.01; vs. mean R2 

AVERAGE: 0.0529; pBH<0.01; see Figure 3c). The stacked prediction consistently 

outperformed every base-level prediction for all subject traits, highlighting the benefit 

of stacking over selecting a single configuration of the HMM for predictions for UKB. 

Furthermore, stacking predictions from HMMs with varying hyperparameters was 

slightly more accurate than stacking predictions from HMMs with fixed 

hyperparameters (mean R2 VARY: 0.0559 vs. mean R2 FIXED: 0.0524, pBH<0.01). Figure 3d 

shows the diBerence in these R2 scores, highlighting this small but consistent 

improvement across traits. 

Figure 3b shows the accuracy values for HCP. Across all subject traits, stacking 

predictions from HMMs with fixed hyperparameters performed similarly to base-level 

predictions and averaging across base-level predictions (mean R2 STACKED: 0.0456 vs. 

mean R2 BASE: 0.0444, pBH=0.144; vs mean R2 AVERAGE: 0.0460, pBH = 0.663). While 

stacking predictions from HMMs with varying hyperparameters was significantly 

better than base-level predictions (mean R2 STACKED: 0.0443 vs. mean R2 BASE: 0.0396, 

pBH<0.01), stacking did not significantly outperform simply averaging across base-

level predictions (mean R2 STACKED: 0.0443 vs. mean R2 AVERAGE: 0.0424; pBH=0.122; see 

Figure 3e).  

Furthermore, stacking predictions from HMMs with varying hyperparameters did not 

produce more accurate predictions than stacking predictions from HMMs with fixed 

hyperparameters (mean R2 VARY: 0.0443 vs. mean R2 FIXED: 0.0456; pBH=0.248; see 

Figure 3f). To explore this further, we found the mean prediction accuracy across all 

cross-validation repetitions and base-level predictions corresponding to each 
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number of HMM states (for the varying hyperparameter case). The findings are 

depicted in Figure 3g for UKB and Figure 3h for HCP, showing that predictions from 

HMMs with 6 states were the most accurate for HCP, while predictions from HMMs 

with 3 states yielded the highest accuracy for UKB. Therefore, if we had chosen an 

alternative configuration for developing HMMs with fixed hyperparameters, our 

results would likely have been diBerent. Given that a diBerent number of states was 

optimal for HCP and UKB, it is therefore recommended to use stacking to determine 

the best HMM configuration, or combination of configurations, rather than trying to 

select a configuration a priori.  

To assess the impact of deconfounding, we replicated the analysis without adjusting 

for confounding eBects. Supplementary Figure SI-4 presents the results of this 

analysis. 
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Figure 3 Comparison of performance for base-level predictions and stacking predictions from HMMs with 
varying hyperparameters against HMMs with fixed hyperparameters. (a, b) Performance of stacking across 
subject traits for UKB and HCP respectively. Boxplots show the R2 scores between observed subject traits 
and base-level predictions generated from 50 HMMs. These are compared to the R2 scores when we combine 
the base-level predictions by taking the average of them ( ) and by stacking (p). Blue represents the results 
of using HMMs with fixed hyperparameters. Yellow represents the results of using HMMs with varying model 
hyperparameters. (c, e) Distribution of the difference between stacking (p) and averaging ( ) predictions 
from HMMs with varying hyperparameters across 10 cross-validation iterations and 15 cognitive traits for (c) 
UKB and (e) HCP. (d, f) Distribution of the difference between stacking prediction using varying (p) and fixed 
(p) hyperparameters across 10 cross-validation iterations and 15 cognitive traits for (d) UKB and (f) HCP. (g, 
h) Each bar represents the mean accuracy of base-level predictions across 10 cross-validation repetitions and 
base-level predictions obtained from HMMs with the stated number of states. 



 

 36 

Dynamic predictions outperform static predictions with suOicient data 

While dynamic models, such as the HMMs above, can potentially capture more 

information, predictions based on static FC may show an advantage due to their 

simplicity and reliability. Our goal for this analysis was to investigate if predictions 

from static FC can complement, or improve upon, predictions from dynamic FC. 

Given that the case of varying hyperparameter (exhibiting both run-to-run variability 

and hyperparameter selection variability) subsumes the case of fixed 

hyperparameters (run-to-run variability only), we therefore focus solely on 

predictions from dynamic FC generated from HMMs with varying hyperparameters. 

For UKB, Figure 4a shows that predictions from static FC outperformed the stacked 

predictions from dynamic FC (mean R2 STATIC: 0.0575 vs. mean R2 DYNAMIC (STACKED): 

0.0559; pBH=0.0463; see Figure 4c). However, the combination of static and dynamic 

base-level predictions using our stacking framework (i.e., the 50 dynamic base-level 

predictions and one prediction from static FC) resulted in a significant improvement 

in accuracy compared to static predictions alone (mean R2 STATIC + DYNAMIC (STACKED): 

0.0598 vs. mean R2 STATIC : 0.0575, pBH<0.01), as well as compared to stacking only the 

predictions from dynamic FC (mean R2 STATIC + DYNAMIC (STACKED): 0.0598 vs. mean R2 

DYNAMIC (STACKED): 0.0559, pBH<0.01; see Figure 4d).  

Moreover, this combined static and dynamic approach also outperformed the 

simpler method of averaging across the 51 predictions (mean R2 STATIC + DYNAMIC (STACKED): 

0.0598 vs. mean R2 STATIC + DYNAMIC (AVERAGE): 0.0533; pBH<0.01). These results highlight a 

benefit of stacking compared to simple model averaging: the ability to distinguish a 
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single prediction that significantly outperforms all the other predictions (here, the 

single prediction from static FC), and potentially improve upon it. 

For HCP, Figure 4b highlights that the stacked prediction from dynamic FC 

significantly outperformed predictions from static FC (mean R2 VARYING (STACKED): 0.0443 

vs. mean R2 STATIC: 0.0301, pBH<0.01; Figure 4e). Stacking the predictions from 

dynamic FC together with those from static FC resulted in comparable accuracies to 

only stacking the predictions from dynamic FC (see Figure 4f), as well as averaging 

across dynamic and static predictions (mean R2 DYNAMIC (STACKED): 0.0444 vs. mean R2 

STATIC + DYNAMIC (STACKED): 0.0443, pBH=0.975; vs. mean R2 STATIC + DYNAMIC (AVERAGE): 0.0426, 

pBH=0.193). 

Overall, our findings suggest that dynamic FC tends to generate more accurate 

predictions than static FC when there is suBicient high-quality data and longer scans. 

The HCP dataset, with its 4800 time points compared to UKB’s 490, provided ample 

data for dynamic FC to yield superior prediction accuracy. Conversely, in UKB, where 

scanning sessions were shorter, the predictions from static FC outperformed those 

from dynamic FC for the traits we examined. 

To explore any potential diBerence in eBects of confounds for static FC and dynamic 

FC, we also replicated this analysis without accounting for confounding eBects. The 

result of this analysis is shown in Supplementary Figure SI-5. 
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Figure 4 Comparison of performance for static FC, base-level dynamic FC predictions, and stacking the 
predictions. (a, b) Boxplots show the R2 scores between observed subject traits and dynamic base-level 
predictions generated from 50 HMMs and are compared to predictions from static FC (•). These individual 
predictions are then compared to the R2 scores when we combine the base-level predictions by stacking the 
dynamic base-level predictions with varying HMM hyperparameters (p), as well as stacking the predictions 
from static FC with dynamic base-level predictions (p) for (a) UKB and (b) HCP. (c, e) Distribution of the 
difference between stacking prediction using varying hyperparameters (p) and predictions from static FC (•) 
across 10 cross-validation iterations and 15 cognitive traits for (c) UKB and (e) HCP. (d, f) Distribution of the 
difference between stacking predictions from static FC with predictions from dynamic FC using varying 
hyperparameters (p) and stacking predictions from dynamic FC only (p) across 10 cross-validation iterations 
and 15 cognitive traits for (d) UKB and (f) HCP. 
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Stacking leads to a more robust prediction with suOicient sample size 

While diversity among base-level predictions can result in improved stacked 

predictions (e.g., through varying the HMM hyperparameters), it is important to 

ensure that diversity is not driven by a lack of robustness, where model accuracies 

vary depending on the subjects used for training. To assess the robustness of the 

predictions when subjects were randomised across cross-validation folds, we 

conducted 10 cross-validation iterations independently for 50 HMMs with varying 

hyperparameters. Figure 5a and Figure 5b compare robustness across prediction 

approaches, and Figure 5c and Figure 5d present a summary of the performance of 

the methods in terms of both robustness and accuracy.  

For UKB, Figure 5a compares the variance in accuracy values for the various 

prediction approaches. For each approach, the figure presents prediction accuracies 

across cross-validation iterations (i.e., full repeats of the nested cross-validation 

framework with diBerent randomised fold distributions). Compared to the base-level 

predictions, stacking predictions from HMMs with varying hyperparameters (yellow 

and gold boxplots) significantly improved robustness across cross-validation 

iterations for 11 of the 15 traits (pBH<0.055). We focused our statistical analysis on the 

comparison of robustness between base-level predictions and stacking predictions 

from dynamic FC since this is the focus of this study; however, Figure 5c suggests 

that model averaging, as well as predictions from static FC, were also much more 

robust than base-level predictions. The figure highlights that, for UKB, although the 

 
5See Supplementary Table SI-5 for p-values for each trait. 
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alternative approaches also improve robustness, stacking prediction from both 

dynamic FC and static FC exhibited the best accuracy while also being robust. 

For HCP, stacking was ineBective at producing robust predictions, as shown in Figure 

5b. Stacking predictions obtained from HMMs with varying hyperparameters (yellow 

and gold boxplots) only increased robustness for 2 out of 15 subject traits (pBH<0.055). 

Figure 5d highlights that for HCP, stacking and averaging exhibit a similar level of 

accuracy but averaging provides a more robust prediction. The disparity between the 

two datasets can be attributed to the larger number of subjects in UKB, resulting in 

stacked predictions outperforming averaging in UKB. Conversely, the smaller number 

of subjects in HCP resulted in higher variability across cross-validation iterations for 

stacking. 
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Figure 5 Comparison of accuracy and robustness for different prediction approaches. (a) UK Biobank and (b) 
Human Connectome Project. ‘Base-level Predictions’ boxplots (light yellow) show the R2 scores between 
observed subject traits and 500 base-level predictions (50 HMMs across 10 cross-validation iterations). These 
are compared to the predictions across 10 cross-validation iterations for predictions from static FC (black), 
stacked predictions from dynamic FC only (dark gold), averaging across predictions from dynamic and static 
FC (light green), and stacked predictions from dynamic FC and static FC together (dark green). (c, d) 
Comparison of accuracy and robustness across prediction approaches for (c) UK Biobank. (d) Human 
Connectome Project. For each approach, accuracy is measured as the mean R2 score across 10 cross-
validation repetitions and robustness is measured as the variance across 10 cross-validation repetitions. The 
dark bold circles represent the mean across all 15 subject traits, and the transparent circles represent the 
underlying 15 subject traits which average out to give the dark bold circle. 
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Stacking and model averaging are comparable with limited subjects 

To explore the relationship between the eBectiveness of stacking and sample size, we 

generated stacked predictions for UKB across a range of sample sizes. The result of 

our analysis is shown in Figure 6, where we present prediction accuracies for sample 

sizes from 1000 subjects, to match HCP, up to 15000 subjects6.  

Figure 6a shows that the accuracy of stacked predictions continued to increase with 

larger sample sizes, up to 15000 subjects. Furthermore, Figure 6b highlights that we 

are unable to conclude stacking outperforms model averaging for 1000 subjects, but 

as sample size increases, there is more evidence that stacking outperforms 

averaging. This suggests that it is due to the smaller sample size in HCP that stacking 

performs similarly to averaging. Figure 6c shows, for one chosen trait in HCP, that 

stacking has a prediction accuracy that is inferior to many base-level predictions. 

Conversely, for UKB, Figure 6d shows that stacking can produce a prediction which 

outperforms all base-level predictions. This disparity suggests that the estimation 

process of the stacking weights can be hindered by statistical noise. Specifically, the 

stacking process may assign non-zero stacking weights to less accurate predictions, 

which is undesirable. This can be caused by certain models performing well during 

training on specific subjects but performing poorly on the test set, leading to a 

stacked prediction less accurate than some base-level predictions. With a suBicient 

sample size (such as in the case of UKB), stacking is expected to perform at least as 

well as the best base-level predictions. This is because the stacking process could, at 

 
6	𝑁 = 	1000, 3000, 5000, 7000, 9000, 11000, 13000, 15000 
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the very least, assign a stacking weight of 1 to the best base-level predictions, 

eBectively disregarding the remaining predictions, whereas model averaging cannot. 

 

Figure 6 Comparison of stacking and model averaging across 10 cross-validation iterations for different 
sample sizes. (a) Each boxplot represents the R2 scores across 10 cross-validation iterations for the 
corresponding subject trait and for the given sample size. As sample size increases, prediction accuracies 
increase, and stacking outperforms model averaging. (b) Each bar represents the mean R2 scores across 10 
cross-validation iterations and 15 subject traits. Error bars are calculated by finding the standard deviation 
across the cross-validation iterations for each subject trait, and then taking the mean across these 15 traits. 
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The left pair of bars represent the accuracy for 1001 subjects from the HCP dataset, and the remaining bars 
show the results for an increasing number of subjects from UKB. (c, d) The bottom panel of the figure shows 
the accuracy of base-level predictions (R2) for the 15 base-level predictions corresponding to the largest 
stacking weights from the pool of 50 models for predicting example subject traits in HCP and UKB. (c) HCP: 
NIH Toolbox Dimensional Change Card Sort Test: Unadjusted Scale Score ('CardSort_Unadj'). (d) UKB: 
Number of fluid intelligence questions attempted within time limit (2.0) (‘Fluid intelligence (3/3)’). In contrast to 
UKB, the limited number of subjects in HCP prevents stacking from producing a superior stacked prediction. 

Stacking is eOective when base-level predictions are diverse yet accurate 

But, when is stacking most useful? To eBectively stack multiple base-level 

predictions, the predictions should both be diverse and show a minimum level of 

accuracy (Hansen and Salamon 1990). One way to signify diversity is by seeking 

predictions that are less correlated with each other, indicating diBerential 

information (Tumer & Ghosh, 1996). We found that varying hyperparameters of the 

HMM generally led to more diversity and subsequently a better stacked prediction. 

We have seen that predictions in HCP lack robustness, where variability can be 

driven by statistical noise, therefore we focus on UKB for this analysis. 

We explored the diBerences in diversity induced by both run-to-run variability and 

hyperparameter selection variability. As an illustrative example, Figure 7 provides a 

summary of our findings on the impact of both types of variability of the HMM for two 

representative cognitive traits in UKB; ‘Maximum digits remembered correctly’ (Digits 

remembered) and ‘Number of fluid intelligence questions attempted within time 

limit’ (Fluid intelligence (3/3)). We observed that base-level predictions from HMMs 

with fixed hyperparameters (Figure 7a; mean 𝜌FIXED: 0.958) exhibited higher 

correlations with each other compared to predictions from HMMs with varying 

hyperparameters (Figure 7b; mean 𝜌VARY: 0.931).  

Greater diversity (indicated by lower correlation values) generally led to improved 

stacked predictions. Figure 7c shows that when the hyperparameters of the HMM 
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were fixed, producing highly correlated predictions, there was not enough variability 

for stacking to produce a more accurate prediction than many of the base-level 

predictions (mean R2 STACK: 0.0310; mean R2 BASE: 0.0300; best R2 BASE: 0.0310). 

However, Figure 7d shows that when the hyperparameters of the HMM are varied, 

stacking yielded a higher accuracy than all base-level predictions (mean R2 STACK: 

0.0345; mean R2 BASE: 0.0292; best R2 BASE: 0.0306). Despite the fact that many of the 

best-performing base-level predictions displayed similar levels of accuracy for many 

traits in UKB, it is the diversity (as indicated by lower correlation between predictions) 

that drives successful stacking. Nonetheless, it is important to ensure that this 

diversity stems from complementary and meaningful patterns in the data rather than 

inaccurate predictions (i.e., pure noise), as seems to be the case in HCP. 

Furthermore, compared to averaging, stacking is useful when a subset of base-level 

predictions performs notably better than the rest. For instance, predictions from 

static FC tended to outperform those from dynamic FC in UKB, resulting in a stacked 

prediction that yielded superior predictions to straightforward model averaging. 

Additionally, stacking is eBective in scenarios where certain initialisations of the 

HMM produce significantly more accurate base-level predictions than others.  
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Figure 7 Diversity and accuracy analysis of 15 base-level predictions corresponding to the largest stacking 
weights from the pool of 50 models for predicting two cognitive traits from UKB. In the top panel, correlation 
between base-level predictions is shown for (a) Maximum digits remembered correctly (2.0) (Digits 
remembered) and (b) Number of fluid intelligence questions attempted within time limit (2.0) (Fluid intelligence 
(3/3)). In the bottom panel, the accuracy of base-level predictions (R2) is shown for (c) Digits remembered and 
(d) Fluid intelligence (3/3). The predictions were all generated from HMMs with varying hyperparameters. 
Higher diversity in the base-level predictions resulted in more effective stacking for fluid intelligence. 
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Discussion 

Generating robust and accurate predictions of subject traits (e.g., clinical, or 

psychological) from brain data is crucial for both the interpretation and the clinical 

translation of findings. Previous research has shown that dynamic (time-varying) 

representations of the brain can add information above and beyond that of static 

(time-averaged) functional representations (Liégeois et al. 2019; Vidaurre et al. 2021), 

resulting in superior prediction accuracies for behavioural traits using brain dynamics 

(Ahrends et al. 2025). To complement structural representations of the brain, and 

potentially improve over static FC representations, we employed generative models 

of brain network dynamics and extracted features suitable for subject trait prediction. 

By combining predictions from multiple brain dynamic models that provided distinct 

and complementary perspectives of the data, we presented two benefits of stacking. 

Firstly, we showed that in certain scenarios, stacked predictions were slightly more 

accurate and robust across cross-validation iterations than base-level predictions; 

this is consistent with previous work on model combination for statistical testing 

(Vidaurre et al. 2019). Secondly, we highlighted how this approach eliminates the 

need to arbitrarily select the ‘best’ HMM hyperparameters, and instead incorporates 

information from many options, frequently generating superior predictions for certain 

subject traits.  

We found that stacking base-level predictions obtained from HMMs with fixed 

hyperparameters (i.e., those with run-to-run variability) failed to improve prediction 
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accuracy compared to the base-level predictions and simple model averaging for 

both HCP and UKB. This outcome is not surprising, as the variation among HMMs 

with identical hyperparameters but diBerent initialisations is likely to be limited and 

driven by the diBerence in the quality of estimations rather than diBerences in 

information content. However, we also found that by exploring a range of HMM 

hyperparameters, we generated diverse base-level predictions that were combined to 

produce superior stacked predictions for UKB. Previous research has shown that the 

selection of HMM hyperparameters can influence the sensitivity to diBerent temporal 

scales in FC changes (Ahrends et al. 2022), and this information can be optimally 

combined for prediction using our approach. We found that base-level predictions 

obtained from HMMs with varying hyperparameters were found to be less correlated 

with each other, indicating diversity, and were therefore more likely to produce more 

accurate stacked prediction.  

Overall, these findings indicate that by varying the hyperparameters of the HMM, we 

go beyond merely reducing noise through combining predictions towards an eBective 

combination of complementary views of the data. However, it is essential to 

acknowledge that the usefulness of stacking may be limited in studies with small-to-

moderate sample sizes —at least for traits that exhibit a moderate prediction 

accuracy such as the ones contemplated here. Indeed, the potential of stacking is 

inherently dependent on the phenotypes under study. As our ability to predict 

phenotypes, such as cognitive traits, improves, stacking is likely to become 

increasingly beneficial. 



 

 49 

The objective of our research was to evaluate the eBectiveness of stacking compared 

to alternative approaches. In doing so, our approach used all subjects to develop the 

ICA-based brain parcellation for HCP, and all subjects for HMM training for both 

datasets. In other words, unsupervised screening steps were performed before test 

subjects were left out. Critically, this does not give the predictors an unfair 

advantage, first because all the considered approaches are compared on the same 

grounds, and second because, as discussed in Hastie et al. (2008), we do not use the 

target features of the test set. Regarding the second point, if the primary objective of 

our research was to generalise to unseen samples without re-training the model on 

the entire dataset, then it is important to restrict all pre-processing, including HMM 

training, to each training fold within the cross-validation framework. This would also 

be important if we would not have access to the original data at the time of 

prediction. Furthermore, we have previously explored the diBerences in accuracy 

resulting from performing HMM training within cross-validation folds compared with 

across training and test subjects in the HCP dataset, and the results were 

comparable (Vidaurre et al. 2021). This is consistent with previous literature 

indicating that the eBects of data leakage (from such unsupervised preprocessing 

steps) on predictive performance in neuroimaging datasets is negligible for larger 

sample sizes (Rosenblatt et al. 2023) (as opposed, for example, to the dangers from 

feature selection and re-using subjects in the training and test set). 

It is important to appreciate the diBerences between the two considered datasets. In 

UKB, there is a large number of subjects, but a relatively short scanning time per 

subject, whereas in HCP we have fewer subjects, but they underwent longer 
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scanning sessions. This resulted in two diBerences. Firstly, our predictions in UKB 

were more robust, whereas the accuracy of predictions in HCP was more susceptible 

to changes in training examples. This finding is consistent with previous research, 

which has shown that large sample sizes are necessary for replicable brain-

phenotype associations, particularly for intelligence traits (Liu et al. 2023). Therefore, 

while it is still worth generating and subsequently combining multiple base-level 

predictions, simple model averaging is recommended in datasets with a sample size 

similar to HCP. Secondly, the longer scanning session in HCP resulted in dynamic FC 

adding valuable information beyond that of static FC, whereas prediction from static 

FC outperformed those from dynamic FC in UKB. This suggests that to reveal unique 

information beyond that of static FC when using existing dynamic FC techniques, a 

dataset with suBicient quantity and quality of data per subject, as found in HCP, is 

more appropriate. Despite this, the combination of predictions from both static and 

dynamic FC was most accurate in UKB, illustrating the strength of stacking diBerent 

features for predictions.  

In this study, our predictions from dynamic FC were developed by projecting 

precision matrices onto the tangent space. Previous research has demonstrated the 

superior performance of the Fisher kernel compared to naïve kernel approaches that 

directly use HMM features (Ahrends et al. 2025). However, our use of full covariances 

between brain regions with the Fisher kernel resulted in less accurate predictions 

than other approaches that were based on precision matrices (see Supplementary 

Figure SI-3). We anticipate that incorporating precision matrices into the Fisher 

kernel approach will improve prediction accuracy compared to alternative 
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approaches, although this will be explored in future research. Additionally, potential 

future avenues include further diversification of base-level predictions and stacking 

methods. For example, by applying the HMM to diBerent timeseries from the same 

group of subjects, analyses from multiple brain imaging modalities (e.g., M/EEG) 

and/or diBerent brain parcellations could be combined using nonlinear stacking 

approaches (e.g. random forests).  

Overall, our proposed method oBers a consistent and flexible approach to integrating 

multiple models of brain dynamics, demonstrating that combining complementary 

models of brain dynamics allows us to potentially achieve more accurate and robust 

predictions. The stacking framework we introduced not only provides flexibility for 

future exploration, but also reduces the risk of poor predictions due to trivial factors 

such as poor initialisations, incorrect hyperparameter choice, or cross-validation 

structure. 

Supplementary Information for Chapter 2 

Supplementary Methods 

The Fisher kernel 

In addition to the other methods described for predicting subject traits, we explored 

the Fisher kernel method (Jaakkola and Haussler 1998; Jaakkola et al. 2000; Ahrends 

et al. 2025), which is a mathematically principled approach to predict from 

generative probabilistic models. The method proceeds by calculating the Fisher 

scores, 𝑈/, given by the gradient of the log-likelihood with respect to each parameter: 

𝑈/! =	∇	ℒ0(𝑥#), 
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where 𝑥#  is the fMRI timeseries of a given subject, and ℒ0(𝑥#) = 𝑃(𝑥#|𝜃) is the log-

likelihood of timeseries 𝑥#  given the HMM parameters 𝜃. 

The invariant Fisher kernel, 𝐾1, is then defined as: 

𝐾1(𝑥+, 𝑥)) 	= 𝑈/"
2 ℱ$%𝑈/# 	

for subjects 𝑚 and 𝑛, where ℱ is the Fisher information matrix defined by: 

ℱ	 = 𝔼/[𝑈/2 ⋅ 𝑈/], 

which accounts for the diBerent scales of the various model parameters. 

In practice, the Fisher information matrix is often disregarded because its impact is 

negligible as sample size increases while being computationally expensive (Jaakkola 

and Haussler 1998; Shawe-Taylor et al. 2004). 

As a result, the practical Fisher kernel, 𝐾3, is often used, for which the linear version 

is defined as: 

𝐾3(𝑥+, 𝑥)) = 𝑈/"	
2 ⋅ 𝑈/#. 

The dot product is computed for all subject pairs to calculate a kernel matrix, which 

can be used with any suitable kernel prediction method. In our study, we adopted a 

linear kernel in combination with kernel ridge regression. 

Optimising state-specific partial correlation calculations 

The optimal level of regularisation required to generate state-specific partial 

correlation matrices depends on the number of states of the HMM. Given an HMM 

with 𝐾 states, we determine the optimal 𝑎 by taking each state 𝑘 in turn, and first 

noting down the covariance matrix Σ", for all subjects. We then calculate the root 



 

 53 

mean square distance between the regularised precision matrix for each subject, and 

the group average of the unregularized precision matrix across all subjects for a grid 

of regularisation values7. We take the mean of this distance across all subjects for all 

possible levels of regularisation, from which a singular 𝑎 is selected. After repeating 

this for each state, we take the mean of the optimal values across all states, to 

determine a single 𝑎 for a given HMM of 𝐾 states. This value is used for all subjects. 

This was repeated for all HMMs with diBerent numbers of states (i.e., 3, 6, 9, 12, 15), 

since we anticipated that HMMs with more states may require diBerent levels of 

regularization since, on average, less data is used for determining the covariance 

matrices and as such, the estimates may be noisier.  

Coe,icient of Determination 

Given an observed subject trait, 𝑦, and our prediction, 𝑦B, for 𝑁 subjects, the 

coeBicient of determination is given by: 

𝑅. = 1 −	
∑ (𝑦& −	𝑦B&).5
&6%

∑ (𝑦& −	𝑦X).5
&6%

	 

where 𝑦X is the mean of the observed subject trait over all subjects.  

 
7𝑎 = (0, 0.01, 0.02,… , 1). 
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Supplementary Figures 

 

Figure SI-1 Coefficient of determination (R2) between observed subject traits and predictions generated from 
static FC for the 450 cognitive traits in UKB for which we performed preliminary analysis to select 15 subject 
traits for further investigation. 
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Figure SI-2 Comparison of performance for base-level predictions and stacking predictions from HMMs with 
varying hyperparameters against HMMs with fixed hyperparameters, where all HMMs model FC only. (a), (b) 
Performance of stacking across subject traits for UKB and HCP respectively. Boxplots show the R2 scores 
between observed subject traits and base-level predictions generated from 50 HMMs. These are compared to 
the R2 scores when we combine the base-level predictions by taking the average of them ( ) and by stacking 
(p). Blue represents the results of using HMMs with fixed hyperparameters. Yellow represents the results of 
using HMMs with varying model hyperparameters. (c) Distribution of the difference between stacking 
predictions (p) and averaging predictions ( ) using varying hyperparameters across 10 cross-validation 
iterations and 15 cognitive traits for UKB (left) and HCP (right). 
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Figure SI-3 Comparison of performance across different prediction approaches (predictions from static FC 
are compared to predictions from dynamic FC using the Fisher kernel method, and with those developed from 
full covariances, partial correlations, and projecting precision matrices onto tangent space). UKB is displayed 
on the left-hand side (light blue) and HCP is displayed on the right-hand side (light purple). For each 
prediction approach, boxplots show the R2 scores between observed subject traits and dynamic base-level 
predictions generated from 50 HMMs and are compared to predictions from static FC (black line). These 
individual predictions are then compared to the R2 scores when we combine the base-level predictions by 
stacking the dynamic base level predictions with varying HMM hyperparameters (p), as well as stacking the 
static predictions with dynamic base level predictions (p).  
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Figure SI-4 Comparison of performance for base-level predictions and stacking predictions from HMMs with 
varying hyperparameters against HMMs with fixed hyperparameters without deconfounding. (a), (b) 
Performance of stacking across subject traits for UKB and HCP respectively. Boxplots show the R2 scores 
between observed subject traits and base-level predictions generated from 50 HMMs. These are compared to 
the R2 scores when we combine the base-level predictions by taking the average of them ( ) and by stacking 
(p). Blue represents the results of using HMMs with fixed hyperparameters. Yellow represents the results of 
using HMMs with varying model hyperparameters. (c) Distribution of the difference between stacking 
predictions (p) and averaging predictions ( ) using varying hyperparameters across 10 cross-validation 
iterations and 15 cognitive traits for UKB (left) and HCP (right). 
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Figure SI-5 Comparison of performance for static FC, base-level dynamic FC predictions, and stacking the 
predictions without deconfounding. (a) UKB. (b) HCP. Boxplots show the R2 scores between observed subject 
traits and dynamic base-level predictions generated from 50 HMMs and are compared to static FC predictions 
(•). These individual predictions are then compared to the R2 scores when we combine the base-level 
predictions by stacking the dynamic base level predictions with varying HMM hyperparameters (p), as well as 
stacking the static predictions with dynamic base level predictions (p). While predictions from static FC using 
partial correlation network matrices outperform the predictions from dynamic FC using full correlation matrices 
for both datasets, combining the static and dynamic predictions together results in the most accurate 
predictions in UKB. 
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Supplementary Tables 

Table SI-1 HCP Subject Traits. 

Var. 
no. 

Column Header Full Display Name Assessment HCP  
Var. no. 

1 ReadEng_Unadj NIH Toolbox Oral Reading Recognition 
Test: Unadjusted Scale Score 

Language/Reading 231 

2 PicVocab_Unadj NIH Toolbox Picture Vocabulary Test: 
Unadjusted Scale Score 

Language/Vocabulary 233 

3 WM_Task_Acc Working Memory Task OVERALL Accuracy  Working Memory Task 545 

4 PMAT24_A_CR Penn Progressive Matrices: Number of 
Correct Responses (PMAT24_A_CR) 

Fluid Intelligence 228 

5 ListSort_Unadj NIH Toolbox List Sorting Working Memory 
Test: Unadjusted Scale Score 

Working Memory  264 

6 PMAT24_A_SI Penn Progressive Matrices: Total Skipped 
Items (PMAT24_A_SI) 

Fluid Intelligence 229 

7 PicSeq_Unadj NIH Toolbox Picture Sequence Memory 
Test: Unadjusted Scale Score 

Episodic Memory  222 

8 VSPLOT_TC Variable Short Penn Line Orientation: 
Total Number Correct (VSPLOT_TC) 

Spatial Orientation 251 

9 CardSort_Unadj NIH Toolbox Dimensional Change Card 
Sort Test: Unadjusted Scale Score 

Executive Function/ 
Cognitive Flexibility 

224 

10 Language_Task_Acc Language Task OVERALL Accuracy Language Task 510 

11 Flanker_Unadj NIH Toolbox Flanker Inhibitory Control 
and Attention Test: Unadjusted Scale 
Score 

Executive Function/ 
Inhibition 

226 

12 IRWD_TOT Penn Word Memory Test: Total Number of 
Correct Responses (IWRD_TOT) 

Verbal Episodic Memory 262 

13 ProcSpeed_Unadj NIH Toolbox Pattern Comparison 
Processing Speed Test: Unadjusted Scale 
Score 

Processing Speed  235 

14 PMAT_24_A_RTCR Penn Progressive Matrices: Median 
Reaction Time for Correct Responses 
(PMAT24_A_RTCR) 

Fluid Intelligence 230 

15 MMSE_SCORE Mini Mental Status Exam Total Score Cognitive Status (Mini 
Mental Status Exam) 

196 
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Table SI-2 UKB Subject Traits. 

Var. 
no. 

Column Header Full Display Name Category UKB 
Field ID 

1 Symbol matches (1/2) Number of symbol digit matches 
attempted (2.0) 

Symbol digit 
substitution 

23323 

2 Puzzles correct (1/2) Number of puzzles correctly 
solved (2.0) 

Matrix pattern 
completion 

6373 

3 Correct symbols (1/2) Number of symbol digit matches 
made correctly (2.0) 

Symbol digit 
substitution 

23324 

4 Fluid intelligence (1/3) Fluid intelligence score (2.0) Fluid intelligence / 
reasoning (cognitive 
function summary) 

20016 

5 Symbol matches (2/2) Number of symbol digit matches 
made attempted (0.0) 

Symbol digit 
substitution 

23323 

6 Correct symbols (2/2) Number of symbol digit matches 
made correctly (0.0) 

Symbol digit 
substitution 

23324 

7 Alph. path time (1/2) Duration to complete 
alphanumeric path (trail #2) (0.0) 

Trail making 6350 

8 Correct word matches Number of word pairs correctly 
associated (2.0) 

Paired associate 
learning 

20197 

9 Fluid intelligence (2/3) Fluid intelligence score (0.0) Fluid intelligence / 
reasoning (cognitive 
function summary) 

20016 

10 Puzzles correct (2/2) Number of puzzles correct (2.0) Tower rearranging 21004 

11 Numeric path time Duration to complete numeric 
path (trail #1) (2.0) 

Trail making 6348 

12 Alph. path time (2/2) Duration to complete 
alphanumeric path (trail #2) (2.0) 

Trail making 6350 

13 Fluid intelligence (3/3) Number of fluid intelligence 
questions attempted within time 
limit (2.0) 

Fluid intelligence / 
reasoning (cognitive 
function summary) 

20128 

14 Digits remembered Maximum digits remembered 
correctly (2.0) 

Numeric memory 4282 

15 Touchscreen duration Touchscreen duration (2.0) Process duration 21622 

Notes  
(0.0) refers to the initial assessment visit (2006-2010) at which participants were 
recruited and consent given. 
(2.0) refers to the first imaging visit (2014+)  
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Table SI-3 Choice of HMM hyperparameters for the 50 HMMs where they were varied. 

HMM run Number of states (𝑲) Dirichlet distribution 
concentration parameter (𝜹) 

1 3 10 
2 3 100 
3 3 1000 
4 3 10000 
5 3 100000 
6 6 10 
7 6 100 
8 6 1000 
9 6 10000 
10 6 100000 
11 9 10 
12 9 100 
13 9 1000 
14 9 10000 
15 9 100000 
16 12 10 
17 12 100 
18 12 1000 
19 12 10000 
20 12 100000 
21 15 10 
22 15 100 
23 15 1000 
24 15 10000 
25 15 100000 
26 3 10 
27 3 100 
28 3 1000 
29 3 10000 
30 3 100000 
31 6 10 
32 6 100 
33 6 1000 
34 6 10000 
35 6 100000 
36 9 10 
37 9 100 
38 9 1000 
39 9 10000 
40 9 100000 
41 12 10 
42 12 100 
43 12 1000 
44 12 10000 
45 12 100000 
46 15 10 
47 15 100 
48 15 1000 
49 15 10000 
50 15 100000 
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Table SI-4 p-values for one-sample Kolmogorov-Smirnov test assessing if the (standardised) distribution of 
accuracy values (R2; coefficients of determination) for the base-level and stacked predictions for traits in UKB 
and HCP come from a normal distribution. 

Dataset HMM 
Hyperparameter 
Type 

Var. 
no. 

Column Header p-vals 
Base-Level 
Prediction 

p-vals 
Stacked 
Prediction 

UKB Fixed 1 Symbol matches (1/2) 0.4448 0.776 
UKB Fixed 2 Puzzles correct (1/2) 0.6784 0.8721 
UKB Fixed 3 Correct symbols (1/2) 0.1531 0.5489 
UKB Fixed 4 Fluid intelligence (1/3)  0.5895 0.9679 
UKB Fixed 5 Symbol matches (2/2) 0.7753 0.7004 
UKB Fixed 6 Correct symbols (2/2) 0.7988 0.9605 
UKB Fixed 7 Alph. path time (1/2) 0.7191 0.6336 
UKB Fixed 8 Correct word matches 0.4915 0.9869 
UKB Fixed 9 Fluid intelligence (2/3) 0.0648 0.6612 
UKB Fixed 10 Puzzles correct (2/2) 0.838 0.9979 
UKB Fixed 11 Numeric path time <0.0001* 0.8408 
UKB Fixed 12 Alph. path time (2/2) 0.0097 0.5217 
UKB Fixed 13 Fluid intelligence (3/3) 0.8622 0.8217 
UKB Fixed 14 Digits remembered 0.8163 0.9993 
UKB Fixed 15 Touchscreen duration 0.0618 0.7377 
UKB Vary 1 Symbol matches (1/2) 0.0554 0.95 
UKB Vary 2 Puzzles correct (1/2) 0.0076 0.7784 
UKB Vary 3 Correct symbols (1/2) 0.1641 0.541 
UKB Vary 4 Fluid intelligence (1/3)  0.0011* 0.8222 
UKB Vary 5 Symbol matches (2/2) 0.001* 0.9341 
UKB Vary 6 Correct symbols (2/2) 0.006* 0.762 
UKB Vary 7 Alph. path time (1/2) 0.0532 0.8707 
UKB Vary 8 Correct word matches 0.259 0.9826 
UKB Vary 9 Fluid intelligence (2/3) 0.006* 0.8914 
UKB Vary 10 Puzzles correct (2/2) 0.0011* 0.9814 
UKB Vary 11 Numeric path time 0.0017* 0.9627 
UKB Vary 12 Alph. path time (2/2) 0.3609 0.982 
UKB Vary 13 Fluid intelligence (3/3) 0.0007* 0.9579 
UKB Vary 14 Digits remembered 0.5598 0.7284 
UKB Vary 15 Touchscreen duration 0.396 0.9674 
HCP Fixed 1 ReadEng_Unadj <0.0001* 0.8496 
HCP Fixed 2 PicVocab_Unadj 0.0042* 0.8183 
HCP Fixed 3 WM_Task_Acc 0.0062* 0.7994 
HCP Fixed 4 PMAT24_A_CR 0.0014* 0.9668 
HCP Fixed 5 ListSort_Unadj <0.0001* 0.9645 
HCP Fixed 6 PMAT24_A_SI <0.0001* 0.6162 
HCP Fixed 7 PicSeq_Unadj <0.0001* 0.5139 
HCP Fixed 8 VSPLOT_TC 0.009* 0.9471 
HCP Fixed 9 CardSort_Unadj 0.0012* 0.7162 
HCP Fixed 10 Language_Task_Acc <0.0001* 0.7765 
HCP Fixed 11 Flanker_Unadj 0.1245 0.9184 
HCP Fixed 12 IRWD_TOT 0.0043* 0.8959 
HCP Fixed 13 ProcSpeed_Unadj <0.0001* 0.6316 
HCP Fixed 14 PMAT_24_A_RTCR 0.003* 0.7453 
HCP Fixed 15 MMSE_SCORE 0.005* 0.3752 
HCP Vary 1 ReadEng_Unadj 0.0212* 0.6563 
HCP Vary 2 PicVocab_Unadj 0.015* 0.9213 
HCP Vary 3 WM_Task_Acc <0.0001* 0.9608 
HCP Vary 4 PMAT24_A_CR 0.0787 0.6251 
HCP Vary 5 ListSort_Unadj <0.0001* 0.8127 
HCP Vary 6 PMAT24_A_SI <0.0001* 0.5418 
HCP Vary 7 PicSeq_Unadj <0.0001* 0.6412 
HCP Vary 8 VSPLOT_TC <0.0001* 0.8011 
HCP Vary 9 CardSort_Unadj <0.0001* 0.9712 
HCP Vary 10 Language_Task_Acc 0.3198 0.2797 
HCP Vary 11 Flanker_Unadj <0.0001* 0.923 
HCP Vary 12 IRWD_TOT 0.0178* 0.9667 
HCP Vary 13 ProcSpeed_Unadj <0.0001* 0.9838 
HCP Vary 14 PMAT_24_A_RTCR <0.0001* 0.851 
HCP Vary 15 MMSE_SCORE 0.145 0.2992 

*statistically significant results  
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Table SI-5 p-values for Levene’s tests comparing the differences in variance between base level predictions 
and stacked prediction for UKB and HCP subject traits. To account for multiple comparisons, we applied 
Benjamini-Hochberg’s False Discovery Rate procedure to correct the p-values within each dataset separately. 

Dataset HMM 
Hyperparameter 
Type 

Var. no. Column Header Variance 
Base-Level 
Prediction 
(x e-05) 

Variance 
Stacked 
Prediction 
(x e-05) 

p-value 

UKB Fixed 1 Symbol matches (1/2) 0.1381 0.0196 0.043* 
UKB Fixed 2 Puzzles correct (1/2)  0.2284 0.1184 0.294 
UKB Fixed 3 Correct symbols (1/2) 0.3199 0.2285 0.549 
UKB Fixed 4 Fluid intelligence (1/3)  0.2036 0.1378 0.399 
UKB Fixed 5 Symbol matches (2/2) 0.2206 0.1134 0.333 
UKB Fixed 6 Correct symbols (2/2) 0.1827 0.0662 0.231 
UKB Fixed 7 Alph. path time (1/2) 0.2663 0.1977 0.615 
UKB Fixed 8 Correct word matches 0.4214 0.1564 0.299 
UKB Fixed 9 Fluid intelligence (2/3) 0.3668 0.1681 0.231 
UKB Fixed 10 Puzzles correct (2/2) 0.4115 0.2370 0.275 
UKB Fixed 11 Numeric path time 0.3579 0.1772 0.346 
UKB Fixed 12 Alph. path time (2/2) 0.6276 0.2453 0.231 
UKB Fixed 13 Fluid intelligence (3/3) 0.1943 0.1210 0.459 
UKB Fixed 14 Digits remembered 0.3085 0.2032 0.615 
UKB Fixed 15 Touchscreen duration 0.2217 0.1113 0.275 
UKB Vary 1 Symbol matches (1/2) 0.0242 0.0020 0.030* 
UKB Vary 2 Puzzles correct (1/2) 0.0272 0.0133 0.440 
UKB Vary 3 Correct symbols (1/2) 0.1184 0.0161 0.013* 
UKB Vary 4 Fluid intelligence (1/3)  0.0336 0.0121 0.160 
UKB Vary 5 Symbol matches (2/2) 0.2086 0.0108 0.009* 
UKB Vary 6 Correct symbols (2/2) 0.1800 0.0101 0.007* 
UKB Vary 7 Alph. path time (1/2) 0.0593 0.0128 0.089 
UKB Vary 8 Correct word matches 0.0889 0.0076 0.011* 
UKB Vary 9 Fluid intelligence (2/3) 0.0822 0.0165 0.039* 
UKB Vary 10 Puzzles correct (2/2) 0.1793 0.0158 0.007* 
UKB Vary 11 Numeric path time 0.1026 0.0208 0.059 
UKB Vary 12 Alph. path time (2/2) 0.0707 0.0161 0.039* 
UKB Vary 13 Fluid intelligence (3/3) 0.1253 0.0042 0.003* 
UKB Vary 14 Digits remembered 0.1466 0.0188 0.012* 
UKB Vary 15 Touchscreen duration 0.1077 0.0151 0.009* 
HCP Fixed 1 ReadEng_Unadj 0.005 0.005 0.615 
HCP Fixed 2 PicVocab_Unadj 0.079 0.055 0.343 
HCP Fixed 3 WM_Task_Acc 0.005 0.006 0.598 
HCP Fixed 4 PMAT24_A_CR 0.004 0.003 0.839 
HCP Fixed 5 ListSort_Unadj 0.070 0.036 0.184 
HCP Fixed 6 PMAT24_A_SI 0.011 0.019 0.393 
HCP Fixed 7 PicSeq_Unadj 0.016 0.017 0.945 
HCP Fixed 8 VSPLOT_TC 0.106 0.083 0.527 
HCP Fixed 9 CardSort_Unadj 0.191 0.097 0.398 
HCP Fixed 10 Language_Task_Acc 0.015 0.012 0.577 
HCP Fixed 11 Flanker_Unadj 0.009 0.013 0.862 
HCP Fixed 12 IRWD_TOT 0.009 0.007 0.615 
HCP Fixed 13 ProcSpeed_Unadj 0.004 0.016 0.092 
HCP Fixed 14 PMAT_24_A_RTCR 0.011 0.017 0.667 
HCP Fixed 15 MMSE_SCORE 0.054 0.018 0.039* 
HCP Vary 1 ReadEng_Unadj 0.006 0.003 0.284 
HCP Vary 2 PicVocab_Unadj 0.118 0.078 0.422 
HCP Vary 3 WM_Task_Acc 0.076 0.05 0.615 
HCP Vary 4 PMAT24_A_CR 0.012 0.005 0.177 
HCP Vary 5 ListSort_Unadj 0.162 0.084 0.171 
HCP Vary 6 PMAT24_A_SI 0.111 0.054 0.266 
HCP Vary 7 PicSeq_Unadj 0.030 0.004 0.012* 
HCP Vary 8 VSPLOT_TC 0.403 0.103 0.108 
HCP Vary 9 CardSort_Unadj 0.357 0.089 0.069 
HCP Vary 10 Language_Task_Acc 0.015 0.016 0.901 
HCP Vary 11 Flanker_Unadj 0.103 0.056 0.500 
HCP Vary 12 IRWD_TOT 0.014 0.007 0.284 
HCP Vary 13 ProcSpeed_Unadj 0.125 0.037 0.033* 
HCP Vary 14 PMAT_24_A_RTCR 0.042 0.047 0.933 
HCP Vary 15 MMSE_SCORE 0.148 0.033 0.049* 

*statistically significant results 
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Chapter 3. What drives apparent dynamic functional 

connectivity in resting-state fMRI? 

Chapter preface 

This chapter presents original work carried out during this DPhil. Although it has not 

yet been published, it is written in a style similar to that of a research article, with 

minor adjustments to align the formatting and presentation with the rest of the 

thesis. 

Introduction 

A major objective in neuroimaging is to develop models that summarise brain data in 

ways that generalise across participants and datasets, and support the prediction of 

behaviour or clinically relevant traits. In resting-state fMRI (rfMRI), the most common 

summary is time-averaged (static) functional connectivity (FC), typically estimated as 

correlations or covariances between regional (or component) time series over the 

scanning session. Static FC captures robust individual diBerences, including 

reproducible subject-specific connectivity profiles (“connectome fingerprints”) (Finn 

et al. 2015), and it has been linked to population-level variation in behaviour and 

cognition (Smith et al. 2015; Rosenberg et al. 2016). However, averaging over an 

entire scan can miss within-scan variation. This has led to growing interest in dFC, 

which aims to characterise how brain activity and FC change on timescales of 

seconds to minutes (Hutchison et al. 2013; Preti et al. 2017).  
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A key challenge is that apparent FC fluctuations are not, by themselves, evidence of 

meaningful network reconfiguration. There is some apparent time-varying FC that 

reflects sources which involve no real change in brain organisation, such as sampling 

variability, estimation noise, and residual motion or physiological artefacts (Power et 

al. 2012). On the other hand, shifts in global arousal or vigilance do alter the network, 

but as global, low-dimensional changes in brain state they do not necessarily reflect 

the cognitively specific reconfiguration that dynamic FC is often taken to represent  

(Lurie et al. 2020). As a result, while dFC estimators are easy to propose, it remains 

diBicult to decide, rigorously and reproducibly, when a more complex dynamic model 

is warranted over a simpler alternative (Preti et al. 2017), especially given that 

apparent changes in FC may reflect changes in mean activity or amplitude rather 

than time-varying covariance itself (Bijsterbosch et al. 2017; Lurie et al. 2020).  

This issue is particularly clear for sliding window correlation (SWC) (Allen et al. 2014), 

where the estimated FC can be strongly influenced by window length and placement, 

and where spurious fluctuations can occur even under simple underlying dynamics 

(Lindquist et al. 2014; Leonardi and Van De Ville 2015; Mokhtari et al. 2019). 

Therefore, evaluating dFC methods requires separating genuine dynamics from 

artefacts of representation, noise, and confounding, particularly when inferred 

‘states’ are interpreted or used as predictive features. Generative latent-state models 

oBer an alternative to purely descriptive approaches such as SWC. For example, 

hidden Markov models (HMMs) model the data as switching between a discrete set of 

recurring patterns, where each state can capture changes in mean activity, 

component-wise variance, and covariance structure separately or in combination 
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(Vidaurre et al. 2017; Vidaurre et al. 2018). These models provide an explicit 

likelihood for model comparison, and yield state parameters that can be used 

directly as subject-level features for prediction of non-imaging variables (Vidaurre et 

al. 2021; Ahrends et al. 2025). In certain settings, dynamic summary features derived 

from latent-state models provide additional predictive value for subject-level traits 

beyond static FC alone (Jia et al. 2014; GriBin et al. 2024). In practice, however, core 

modelling choices remain non-trivial. The number of states, which parameters are 

allowed to vary across states, and the strength of regularisation can all materially 

aBect the inferred dynamics and any conclusions drawn from them (Ahrends et al. 

2022). 

Cross-validated criteria are a natural way to decide whether added dynamical 

complexity is justified. For example, bi-cross-validation (BCV) provides a principled 

way to evaluate unsupervised models based on out-of-sample generalisation (Owen 

and Perry 2009), and has recently been adapted as a general framework for 

evaluating dynamic functional connectivity models in fMRI (Wei et al. 2026). In 

neuroimaging, however, the input time series are rarely ‘raw’ (e.g., voxelwise) and are 

typically represented in reduced spaces (e.g., after hard or soft clustering), often via 

spatial ICA (Beckmann and Smith 2004), but also via temporal ICA (Smith et al. 2012) 

or PCA-based dimensionality reduction (Smith et al. 2014). These linear 

transformations can change how temporal signal is distributed across components, 

as the data are expressed as linear combinations of underlying patterns, potentially 

concentrating variance into a few components or spreading it across many 

(McKeown et al. 1998). Consequently, the outcome of cross-validated model 
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comparison (e.g., BCV) can depend on the time-series representation: the same 

underlying dynamics may appear “shared” across many components in one space 

but confined to a low-dimensional subspace in another, altering what cross-

validation rewards and which model order appears optimal. 

To address these challenges, we evaluated fMRI dynamics and BCV while accounting 

for how the time series are represented. Rather than assuming dynamic FC analyses 

will be equally informative across diBerent representations, we ask what happens 

when the same data are analysed using their spatial ICA, temporal ICA and PCA time 

courses.  

Overall, we outline a clear framework for evaluating dFC. We first examine when 

cross-validated model comparison is stable across time-series representations (ICA, 

PCA), and whether its failure under temporal transformations reflects a true absence 

of state structure. Using HMMs, and comparing the results with sliding window 

analyses, we then ask whether the recoverable dynamic structure is more consistent 

with simple fluctuations in mean activity and amplitude than with additional time-

varying FC structure. Finally, we assess whether these dynamic features provide 

additional predictive value for cognitive traits beyond static connectivity alone. 

Methods 

HCP neuroimaging data and preprocessing 

We used publicly available rfMRI data from 1,001 subjects from the HCP (Van Essen 

et al. 2013). Full acquisition details are described in Van Essen et al. (2012). In brief, 

whole-brain 3T fMRI data were acquired with 2mm isotropic spatial resolution and a 



 

 68 

repetition time (TR) of 0.72s. Each subject completed four rfMRI runs (approximately 

15 minutes each), yielding 4,800 time points per subject. 

Data were minimally preprocessed using the HCP pipeline (Smith et al. 2013), 

including motion correction, spatial normalisation, high-pass temporal filtering, and 

artefact removal using ICA+FIX (GriBanti et al. 2014). We used the FIX-denoised time 

series provided by the HCP release. No additional spatial smoothing was applied. 

Time-series representations and dimensionality reduction 

Functional time series were represented in three alternative component spaces: 

spatial ICA (sICA), PCA, and temporal ICA (tICA). We treat sICA as the primary 

representation in the main analyses, since it is widely used for rfMRI parcellation, and 

use PCA and tICA as dimensionality-matched alternative representations to explore 

how the choice of component space aBects dynamic modelling results. 

We first extracted 𝐶 = 50 sICA component time series using a group-ICA parcellation 

(MELODIC; Beckmann and Smith 2004). We focus on ICA-50, a standard HCP group-

ICA dimensionality that is widely used in prior HCP dFC/HMM analyses (Shappell et 

al. 2019; Harrison et al. 2020; Vidaurre et al. 2021; Okuno et al. 2023). To obtain 

alternative representations with identical dimensionality and a common starting 

point, we derived PCA and tICA time series directly from the sICA time series. 

Specifically, we z-scored each subject’s sICA time series per component and 

concatenated subjects to form a single group-level time-by-component matrix, on 

which PCA was performed; the resulting component time series were then split back 

into per-subject time series. This group-level PCA produces 𝐶 = 50 temporal 
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principal components in the same 50-dimensional subspace spanned by the sICA 

time series. Temporal ICA was then applied to the same sICA time series, using 

FastICA with its standard PCA-based whitening step (no further dimensionality 

reduction, since the input dimensionality is already 𝐶 = 50), to obtain the top 𝐶 = 50 

principal components.  

Prior to modelling, each subject’s component time series was standardised (z-

scored) across time within component (zero mean, unit variance). For the PCA/tICA 

representations, this standardisation was applied to the sICA inputs prior to the 

group-level transformation; the resulting per-subject transformed time series were 

then used for all dFC analyses described below. These standardised time series 

formed the inputs to all dFC analyses described below. 

Static and dynamic FC approaches 

Sliding Window Analysis 

As a conventional dynamic FC benchmark against which to compare HMM-based 

state models, we implemented a sliding-window analysis on the same component 

time series. Although such methods are often referred to as sliding-window 

correlation, our implementation operates on windowed covariance matrices 

throughout; for brevity, we refer to this benchmark as SWC. SWC was computed on 

each subject’s concatenated time series (4 × 1200 = 4800 time points), using non-

overlapping windows of length 𝐿 = 100 (step size = 100); since each run has 1200 

time points (a multiple of 100), windows align with runs and never cross run 

boundaries. Windowed FC estimates were computed separately within each run; all 
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resulting windows from the four runs were then retained as separate observations for 

subject-level analyses. 

Let 𝑥# ∈ ℝ7  denote the (standardised, run-wise) time series, and consider windows of 

length 𝐿 = 100. For each window 𝑊#, we compute the sample covariance matrix 

using the unbiased estimator: we de-mean within the window, 

𝑥e8 = 𝑥8 −
1
𝐿 f 𝑥9
9∈;!

, 𝜏 ∈ 𝑊# , 

and compute the windowed covariance 

𝑆# =
1

𝐿 − 1 f 𝑥e8
8∈;!

𝑥e8<.	

In our implementation, SWC operates on covariance matrices throughout (i.e., no 

within-window normalisation is applied to convert covariances to correlation), 

yielding a sequence of windowed covariance estimates {𝑆#}. To obtain a discrete 

state-based representation for BCV model selection and direct comparison to HMMs, 

we clustered windowed covariance matrices across all subjects using 𝐾-means. 

Specifically, we vectorised the upper-triangular elements (including the diagonal) of 

each window covariance 𝑆#  and fit 𝐾-means, treating the resulting centroids 

(reshaped to 𝐶 × 𝐶) as 𝐾 prototype covariance “states”. Each window was then 

labelled by its nearest centroid in Euclidean distance, yielding a window-level state 

sequence per subject. Because clustering is performed across all windows pooled 

from all subjects, the resulting states can reflect a mixture of within-subject temporal 

variation and between-subject diBerences in covariance patterns. BCV was used to 
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determine the choice of 𝐾 and to compare out-of-sample fit (held-out log-likelihood) 

between SWC and HMMs under matched row/column splits. 

Static FC per subject 

Static FC (sFC) is the special case of SWC with window length equal to the run length 

(one window per run). Therefore, as a static baseline against which to compare our 

approaches, we computed sFC separately within each rfMRI run for each subject. 

HCP rfMRI data comprise four runs of 1,200 time points each (4,800 time points 

total), acquired as distinct sessions. To avoid treating discontinuous runs as a single 

contiguous time series, we estimated one static FC matrix per run and averaged the 

four run-level matrices to obtain a single subject-level estimate. Because the 

component time series were standardised within each run before this step, the 

resulting run-level matrices are eBectively correlation matrices rather than 

covariances. 

For BCV model selection, static FC is implemented directly as SWC with window 

length equal to the run length, so that the four per-run covariance matrices enter 

separately as individual "windows" and are clustered by K-Means. Because this 

clustering is performed across run-level covariance matrices pooled from all 

subjects, variation in the resulting “static FC” clusters reflects between-subject 

diBerences in run-level covariance patterns (in addition to within-subject run-to-run 

variability). For trait prediction, we extract the upper-triangular elements of the run-

averaged matrix as a feature vector for each subject. 
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State-based dynamic modelling with HMMs 

Before describing the HMM parameterisations, we clarify the terminology used 

throughout this paper. In this paper, we distinguish between three related but non-

equivalent aspects of the signal. Mean activity refers to state-dependent shifts in the 

average signal level of a component time series. Amplitude refers to the size of 

within-component fluctuations over time, consistent with prior work defining 

amplitude in terms of temporal standard deviation (or equivalently variance on the 

squared scale). Covariance refers to state-dependent co-fluctuation across 

components, and functional connectivity is used here in this covariance/correlation 

sense. Under this terminology, the HMM state mean vector captures shifts in mean 

activity, whereas the covariance matrix captures both amplitude (as component-wise 

variance on the diagonal) and cross-component covariance. 

HMM framework 

To characterise time-varying structure in rfMRI, we employed an HMM with 

multivariate Gaussian emissions, as previously applied to neuroimaging time series 

(Vidaurre et al. 2017). The HMM is a generative probabilistic model that assumes the 

observed data are produced by transitions between a finite number of latent brain 

states, each associated with a distinct probability distribution over multivariate 

activity patterns. 

Let 𝑥# ∈ ℝ7  denote the fMRI time series at time 𝑡, where 𝐶 is the number of ICA 

components. The model assumes that at each time point the system occupies one of 
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𝐾 discrete latent states, denoted 𝑧# ∈ {1,… , 𝐾}. Conditional on the active state, 

observations are drawn from a multivariate Gaussian distribution, 

𝑥# ∣ (𝑧# = 𝑘) ∼ 𝒩(𝜇! , Σ!), 

where 𝜇! ∈ ℝ7  is the state-specific mean vector and Σ! ∈ ℝ7×7  is the state-specific 

covariance matrix. In this formulation, the mean vector captures state-dependent 

shifts in average activity across components, whereas the covariance matrix 

captures state-dependent FC through pairwise covariance structure. 

The latent state sequence follows a first-order Markov process. Initial state 

probabilities are given by a categorical distribution with parameter vector 𝜋, and 

transitions between states are governed by a transition probability matrix 𝐴 ∈ ℝ>×>, 

where 

Pr	(𝑧# = 𝑘 ∣ 𝑧#$% = 𝑗) = 𝐴'! . 

The complete set of model parameters is therefore 

𝜃 = {𝜋, 𝐴, {𝜇! , Σ!}!6%> }. 

One-state (𝑲 = 𝟏) baseline. The special case 𝐾 = 1 removes state switching entirely 

and reduces the model to a single multivariate Gaussian distribution with a single 

covariance matrix estimated at the group level. We use this 𝐾 = 1 model as the “no 

dynamics” baseline when comparing models with 𝐾 > 1 (e.g., under BCV-based 

model selection). Note that this diBers from the subject/run-level sFC baseline 
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above, which estimates a separate static FC matrix per run per subject to 

characterise between-subject variability. 

Model parameters were estimated at the group level, estimating a single set of state 

parameters shared across subjects. Since each subject's four runs were acquired as 

separate sessions, the individual run lengths were supplied to the inference so that 

the forward–backward recursions were run within runs and no state transitions were 

modelled across run boundaries, rather than treating the concatenated series as a 

single contiguous recording. Rather than assigning each time point to a single state 

via a Viterbi path, we used the posterior state probabilities from the forward–

backward (Baum–Welch) recursions, 

Γ# = (𝛾#%, … , 𝛾#>), 

where 𝛾#! = Pr	(𝑧# = 𝑘 ∣ 𝑥%:2). These soft state assignments provide a probabilistic 

description of state occupancy over time and are used in subsequent residualisation 

analyses. 

HMM parameterisations 

This Gaussian-emission HMM provides a flexible framework for representing 

recurrent patterns in multivariate fMRI time series. In the most general form, states 

can diBer in their mean activity patterns (𝜇!) and/or covariance structure (Σ!), such 

that apparent dynamics may reflect shifts in mean activity, changes in fluctuation 

amplitude, changes in functional connectivity, or some combination of these. We 

consider the following parameterisations: 
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i. HMM-M+S: means with covariance fixed to a static FC estimate (i.e., identical 

across all states) 

ii. HMM-M+D: state means vary, and each state's covariance is a per-

component amplitude rescaling of a shared covariance template (Σ! =

𝐴!Σ@	𝐴!), where 𝐴!  is a state-specific diagonal matrix of per-component 

amplitude gains and Σ@ is a full covariance template common to all states, so 

the correlation structure is fixed across states while the per-component 

amplitudes vary 

iii. HMM-M+F: means plus full covariance 

Collectively, these variants allow us to distinguish dynamics attributable to mean 

structure (HMM-M+S), mean + variance changes (HMM-M+D), and time-varying 

correlation beyond mean and variance eBects (HMM-M+F, relative to the restricted 

variants). In HMM-M+D, the shared template Σ@ fixes the correlation structure across 

states while the amplitude gains 𝐴!  vary only the per-component amplitudes, so the 

comparison between HMM-M+D and HMM-M+F isolates the contribution of state-

varying correlation structure. We evaluated model order 𝐾 under BCV for each 

observation model. 

 

Parameters were estimated at the group level using the stochastic variational 

inference approach (Vidaurre et al. 2018), which alternates between updating 

posterior state probabilities Γ#  via forward–backward/Baum–Welch recursions (Baum 

et al. 1970) and updating state and transition parameters. 
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Residual dynamics analysis via mean and variance removal 

To assess whether apparent dFC arises primarily from state-dependent mean or 

variance structure, we performed a residualisation analysis in which we (i) fit a 

restricted HMM parameterisation to the original time series (either HMM-M+S or 

HMM-M+D), (ii) reconstruct the implied mean and/or variance contribution using soft 

state probabilities, (iii) remove this contribution from the time series, and (iv) re-

evaluate the residuals using the same BCV model-comparison procedure. 

Let 𝑥# ∈ ℝ7  denote the (standardised) fMRI time series at time 𝑡, and 𝛾#! = Pr	(𝑧# =

𝑘 ∣ 𝑥%:2) the posterior probability of state 𝑘. Using the soft posteriors Γ# =

(𝛾#%, … , 𝛾#>), the posterior-weighted mean contribution is 

𝑚w# =f𝛾#!

>

!6%

𝜇! , 

and mean-removed residuals are 

𝑟#
(B) = 𝑥# −𝑚w # . 

For mean+variance removal (HMM-M+D), we compute a posterior-weighted within-

state diagonal variance vector, 

𝑣B#within =f𝛾#!

>

!6%

 diag(Σ!), 

and, to account for additional variability arising when Γ#  is diBuse and state means 

diBer, we also compute the between-state mean-dispersion term component-wise, 
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𝑣B#,Ebetween =f𝛾#!

>

!6%

𝜇!,E. −𝑚w#,E. , 𝑐 = 1,… , 𝐶.	

We then form variance-normalised residuals using either within-state variance alone 

or the total variance 𝑣B#total = 𝑣B#within + 𝑣B#between: 

𝑟#,E
(𝜇,𝜎) =

𝑥#,E −𝑚w#,E
�𝑣B#,E

, 𝑐 = 1,… , 𝐶, 

where 𝑣B#,E  denotes 𝑣B#,Ewithin or 𝑣B#,Etotal depending on the residualisation variant. 

We then refit the diBerent HMM configurations to the residual time series and 

evaluated BCV exactly as for the original data, to test whether evidence for dynamic 

covariance structure persists after mean and/or variance removal. To ensure 

consistency with the original preprocessing, residual time series were re-

standardised on a per-run basis prior to BCV re-evaluation. 

Finally, residualisation is used as a diagnostic and may distort structure (the 

residuals are not guaranteed to follow the HMM assumptions); we therefore interpret 

changes in BCV evidence as indicating whether mean/variance components are 

suBicient to account for the observed dynamic signatures, rather than as a claim 

about the true data-generating process. 

Model evaluation and model order selection 

Bi-cross-validation 

We used BCV to compare dFC model classes and select model order in a way that 

avoids the circularity of “naïve” validation in unsupervised models (where latent time 

courses are inferred on the same held-out data used for evaluation), following the 
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dFC bi-cross-validation framework introduced by (Wei et al. 2026). An overview of the 

BCV split and four-step evaluation is shown in Figure 8. BCV achieves this by splitting 

the data along both time/subjects (rows) and channels/regions (columns), then 

separating temporal inference from spatial evaluation across the column split. 

Let 𝑋 = {𝑋)})6%5  denote the dataset of 𝑁 subjects/sessions, where each	𝑋()) ∈ ℝ2×7  

is a time-by-channel matrix (with 𝑇 = 4800 time points per subject, obtained by 

concatenating four 1200-timepoint runs, and per-run standardisation applied prior to 

BCV). For each BCV realisation, we partition subjects into train/test and channels 

into two disjoint sets 𝐶F  and 𝐶G, forming four blocks 

𝑋 = �𝑋HIJKL 𝑌HIJKL
𝑋HMNH 𝑌HMNH

� ,	

where 

𝑋HIJKL = 𝑋[𝑅HIJKL, 𝐶F],  𝑌HIJKL = 𝑋[𝑅HIJKL, 𝐶G],  𝑋HMNH = 𝑋[𝑅HMNH, 𝐶F],  𝑌HMNH = 𝑋[𝑅HMNH, 𝐶G]. 

Final evaluation is always performed on 𝑌test, and BCV was applied independently for 

each time-series representation (sICA, PCA, tICA). 

BCV proceeds via the following four steps (applied analogously across models):  

1. Full training on 𝑌HIJKL: fit the model on 𝑌HIJKL to obtain group-level observation 

parameters for the subset of channels in 𝐶G  and a posterior over latent time 

courses on the training rows. 

2. Spatial inference on 𝑋HIJKL: reuse the training time courses from step (1) to 

estimate observation parameters for the subset of channels in 𝐶F  (i.e., 
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estimate observation parameters on 𝑋train conditional on the state time 

courses learned from 𝑌train) 

3. Temporal inference on 𝑋HMNH: fix the observation parameters learned for the 𝑋-

channels and infer latent time courses on the held-out subjects using only 

𝑋HMNH. 

4. Held-out scoring on 𝑌HMNH: combine the time courses inferred from 𝑋HMNH with 

the observation parameters learned on 𝑌HIJKL to score predictive performance 

on 𝑌HMNH, using the average held-out multivariate normal log-likelihood 

evaluated on 𝑌HMNH (for HMM: averaged per time point; for SWC/sFC: averaged 

per window) as the BCV score.  

In practice, we used approximately equal splits of subjects and components (i.e., 

~50/50 in each dimension), and repeated the reshuBle-and-split procedure 20 times 

to obtain a robust distribution of BCV scores for each configuration. The same set of 

row/column splits was reused across all model classes and 𝐾, so scores were paired 

within each BCV realisation. Model order was chosen in two steps: we first selected 

the configuration with the highest median BCV log-likelihood across realisations, 

then reduced the number of states/modes until the BCV score became significantly 

lower than the best model (one-sided paired 𝑡-test across matched realisations; 𝑝 <

0.001). 

For 𝐾 = 1, the BCV implementation uses a special-case pathway in which steps (2)–

(3) are skipped and a single-Gaussian log-likelihood is evaluated. For visualisation, 

BCV log-likelihood values were centred by subtracting the corresponding 𝐾 = 1 score 
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within each BCV realisation, so that zero represents static-model performance and 

positive values indicate improved held-out fit relative to the static baseline. 

 

Figure 8. Bi-cross-validation (BCV) schematic. (A) After concatenating the fMRI time series across subjects, 
the data matrix is randomly permuted along both dimensions (subjects/timepoints by regions). The permuted 
matrix is then split along rows and columns to form four blocks: 𝑋train, 𝑌train, 𝑋test, and 𝑌test. 
(B) BCV evaluates a candidate model via a four-step procedure: (1) train the full model on 𝑌train to estimate 
state time courses, observation parameters, and dynamics; (2) reuse the state time courses from 𝑌train to infer 
observation parameters on 𝑋train (spatial inference); (3) fix these observation parameters and infer state time 
courses on 𝑋test (temporal inference); (4) combine observation parameters from step (1) with time courses 
from step (3) to compute the held-out log-likelihood on 𝑌test. Adapted from Wei et al. (2026), under CC BY 4.0. 

Split-half reproducibility 

To assess whether inferred state structure is robust to sampling variability, we 

evaluated split-half reproducibility following prior work (Gohil et al. 2022; Pervaiz et 
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al. 2022). Subjects were randomly divided into two equal halves (all time points per 

subject kept together), and the same model configuration (including model order and 

priors) was trained independently on each split. Reproducibility was quantified by 

comparing fitted state parameters across halves after optimal state matching. 

Let �Σ!
(O)�

!6%

>
 and �Σ!

(P)�
!6%

>
 denote the state covariance matrices estimated from 

splits A and B. We computed all pairwise aBine-invariant Riemannian distances 

between covariances (Lim et al. 2019), and then matched states across splits using 

the Hungarian algorithm to minimise total distance (Kuhn 1955). The reproducibility 

score for a split was the mean Riemannian distance between matched state 

covariances (lower values indicate higher reproducibility for a fixed model order). For 

configurations defined only by state means, we instead computed pairwise 

Euclidean distances between mean vectors and used the same Hungarian matching 

procedure. This procedure was repeated across 20 random split realisations to 

reduce split-specific noise, and results were summarised across repeats. 

Because reproducibility often deteriorates as 𝐾 increases, this metric was not 

interpreted by simply choosing the global minimum across 𝐾. Instead, we used an 

elbow-type criterion to identify the regime in which state structure remains reliably 

recoverable across splits, based on changes in the matched-state distance curve as 

𝐾 increases. This reflects the fact that lower-complexity solutions are generally 

easier to recover across independent splits, even when higher-𝐾 models may capture 

additional structure. 
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Prediction targets and feature construction 

Prediction analyses were performed on cognitive measures from the HCP dataset. 

We considered the full set of cognitive traits described in Supplementary Table S1, 

with each trait being predicted independently. 

Imaging features were derived from either dynamic HMM models, static functional 

connectivity (FC), or their combination. For dynamic models, subject-level features 

were constructed via dual estimation to obtain subject-specific state parameters 

(Vidaurre et al. 2021). Depending on the configuration, these included state-specific 

mean vectors {𝜇!}, diagonal variances, and/or covariance structure. For covariance-

based models, the upper-triangular elements (including the diagonal) of the state 

covariance (or correlation/precision, where specified) matrices were vectorised and 

concatenated across states to form a feature vector for each subject. For static FC 

baselines, the corresponding static covariance (or correlation/precision, where 

specified) matrices were vectorised analogously.  

Combined models concatenated the HMM state-mean features with the static FC 

block (with a fixed ordering across subjects). Note that “Combined” here does not 

mean the combination of all Static and Dynamic features, but instead combines 

static FC with the HMM mean features only, deliberately excluding the dynamic 

covariance features. This mirrors the HMM-M+S observation model, which similarly 

couples state means with a static covariance estimate.  
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Prediction framework 

We used elastic net regression to predict cognitive traits from imaging features. This 

multivariate approach incorporates all features simultaneously to capture distributed 

patterns associated with behaviour, while the combined 𝐿%/𝐿. regularisation 

stabilises estimation under high dimensionality and correlated predictors (i.e., 

multicollinearity). 

Let 𝑋 ∈ ℝ5×Q  denote the design matrix, where 𝑁 is the number of subjects and 𝑃 the 

number of imaging features (derived from dynamic HMM models, static FC, or their 

combination), and let 𝑦 ∈ ℝ5  denote the cognitive target variable. Elastic net 

estimates regression coeBicients 𝛽�, by solving 

𝛽� = arg	min	
R

�
1
2𝑁 �

|y − Xβ|�
.
. + 𝛼 �𝜌�|𝛽|�

%
+	
1 − 𝜌
2 �|𝛽|�

.

.�� ,	

where 𝛼 controls the overall regularisation strength and 𝜌 ∈ [0,1] determines the 

relative weighting between L1 (lasso) and L2 (ridge) penalties (Hoerl and Kennard 

1970; Tibshirani 1996; Zou and Hastie 2005). Hyperparameters were selected via 

nested cross-validation. 

Outer cross-validation used 𝐾 folds with group-wise splitting to prevent family 

leakage, such that related subjects (e.g., twins) were always assigned to the same 

fold. Within each outer training set, an inner cross-validation loop was used to select 

𝛼 and 𝜌, using the same group-wise splitting strategy (GroupKFold) to prevent family 

leakage during hyperparameter selection (5 inner folds) and selecting 

hyperparameters by maximising inner-loop 𝑅.. All imaging features were z-scored 

within each training fold, with scaling parameters applied to the corresponding test 
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fold. Where specified, confounds (sex and motion; and age where indicated) were 

regressed out from both the imaging features and the target variable within each 

training fold, and the fitted confound model was applied to the corresponding test 

fold to avoid information leakage. 

Predictions from all outer folds were concatenated to form a full out-of-sample 

prediction vector across subjects. Predictive performance was quantified using the 

coeBicient of determination (𝑅.) computed from the concatenated out-of-fold 

predictions versus observed scores across the full sample, which serves as the 

primary evaluation metric. 

Statistical comparisons between prediction methods were performed using Wilcoxon 

signed-rank tests, paired across the 19 cognitive traits (one-sided when the direction 

of improvement was hypothesised a priori, i.e., Dynamic or Combined vs Static; two-

sided otherwise). To control for multiple comparisons, p-values were corrected using 

the Benjamini-Hochberg procedure (Benjamini and Hochberg 1995) at a false 

discovery rate of 𝑞 = 0.05, applied separately within each set of related 

comparisons. 

Results 

We first use bi-cross-validation (BCV) to compare how well diBerent HMM 

configurations explain the data across spatial and temporal representations, 

revealing a marked representation dependence in model fit. Because the diBerent 

representations redistribute the temporal signal across components in diBerent 

ways, the resulting BCV values are not directly comparable across representations; 
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instead, BCV is used to compare model order and observation models within each 

representation. We then examine split-half reproducibility as a complementary 

perspective on model order, asking whether apparent criterion failure reflects a 

failure of model selection or a failure of state recovery. We next use residualisation 

analyses to test whether the apparent dynamics are primarily driven by mean and 

variance structure, and finally assess their behavioural relevance via the out-of-

sample prediction of cognitive traits. Throughout, BCV, split-half reproducibility, and 

prediction are treated as complementary rather than interchangeable criteria. 

Bi-cross-validation shows that model order depends on HMM 

configuration 

We first used BCV to compare HMM configurations and model order 𝐾 on sICA time 

series. In this setting, BCV behaves as a reliable model-comparison tool: held-out 

log-likelihood improves quickly as 𝐾 increases from very small values, then plateaus, 

with fold-to-fold variability that is modest relative to the between-model diBerences 

(Figure 9a–d). For context, we also include two non-HMM baselines: sFC, which uses 

a single static FC matrix per subject, and provides a static between-subject reference 

for held-out likelihood, and SWC, which provides a standard time-varying covariance 

baseline. 

Across 𝐾, the observation-model ranking is stable. Allowing richer second-order 

structure improves out-of-sample fit: HMM-M+F achieves the highest BCV log-

likelihood over most 𝐾, followed by HMM-M+D, then HMM-M+S (Figure 9a–c). The 

fold-mean trajectories show diminishing returns beyond moderate 𝐾 (Figure 9d), 

suggesting that once a small-to-moderate number of states is reached, adding 
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further states yields little additional generalisable structure. Importantly, the best-

performing HMM also outperforms both baselines: the peak median BCV for HMM-

M+F (0.656 at 𝐾 = 14) exceeds the best sFC (0.346 at 𝐾 = 18; Δ = 0.310) and the 

best SWC (0.348 at 𝐾 = 28; Δ = 0.309). 

Using matched BCV realisations and one-sided paired tests (𝑝#STU9S = 0.001), the 

median BCV is maximised at 𝐾∗ = 14 for HMM-M+F (median = 0.656), 𝐾∗ = 32 for 

HMM-M+D (median = 0.573), and 𝐾∗ = 30 for HMM-M+S (median = 0.436). However, 

smaller model orders often perform comparably and are not significantly worse: 

𝐾VWT9 = 10 (median = 0.578; Δ = 0.078) for HMM-M+F, 𝐾VWT9 = 22 (median = 0.501; 

Δ = 0.072) for HMM-M+D, and 𝐾VWT9 = 8 (median= 0.387; Δ = 0.049) for HMM-M+S. 

The first significantly worse points below these plateaus occur at 𝐾XW&Y = 6, 12 and 4 

respectively (one-sided paired 𝑝 < 0.001). 

Ultimately, these sICA results set a clean baseline: BCV produces clear, interpretable 

rankings, and the gap between observation models provides a first indication of how 

much extra signal is captured when moving beyond mean structure alone. This 

baseline is critical because the subsequent analyses ask whether, when BCV no 

longer behaves this cleanly (as we will see happens under temporal 

decompositions), the problem lies in an absence of recoverable state structure or in 

the model-selection criterion itself. 
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Figure 9. BCV model selection depends on the time-series representation. All y-axis values show centred 
BCV test log-likelihood, obtained by subtracting the corresponding 𝐾=1 static baseline; higher values 
therefore indicate better held-out fit, i.e. a better statistical description of unseen data relative to that baseline. 
(a–c) Distributions of bi-cross-validated (BCV) test log-likelihood across folds as a function of the number of 
HMM states 𝐾 for three observation models fit to sICA time series: HMM-M+S (state means, covariance fixed 
to a static FC estimate), HMM-M+D (state means + diagonal covariance), and HMM-M+F (state means + full 
covariance). Boxplots summarise fold-to-fold variability (median in red; mean shown by triangle markers). 
Within each observation model, ★ marks the 𝐾 that maximises the median BCV, and † marks the smallest 𝐾 
that is not significantly worse than ★ under a one-sided paired t-test across matched BCV realisations 
(𝑝≥0.001). (d) Fold-mean BCV trajectories for sICA, showing rapid improvement and saturation with 
increasing 𝐾, with HMM-M+F showing the largest improvement over the 𝐾 = 1 baseline for most 𝐾. For 
comparison, non-HMM baselines are shown: static FC (sFC) and sliding window covariance (SWC). ★ 
indicates the globally best (model, 𝐾) by median BCV across all three observation models, and † indicates the 
simplest (model, 𝐾) that is not significantly worse (one-sided paired t-test; 𝑝 ≥ 0.001). (e–f) Fold-mean BCV 
trajectories after temporal decompositions (PCA and tICA), where BCV instead deteriorates with increasing 𝐾 
and differences between observation models compress, indicating poor out-of-sample generalisation under 
these representations. HMM trajectories are shown up to 𝐾 = 10 as performance declined monotonically 
beyond this point. 

Bi-cross-validation failure under tICA/PCA is consistent with 

predominantly mean-driven dynamics 

We next repeated the BCV analysis after applying temporal decompositions (PCA and 

tICA). In contrast to the results for sICA, BCV no longer provides a clean preference 

structure over K or over observation models. Instead, BCV typically peaks at 𝐾 = 1. 

Moving from a static (1-state) model to multi-state HMMs generally reduces the held-
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out log-likelihood, implying that under these representations a static model explains 

the test data better than any of the dynamic alternatives we considered. Accordingly, 

BCV-based selection collapses to 𝐾∗ = 𝐾pars = 1 across PCA and tICA (Figure 9e–f). 

For PCA-reduced time series, BCV decreases monotonically with 𝐾 for HMM-M+F 

and HMM-M+S, and shows at best a negligible change from 𝐾 = 1 to 𝐾 = 2 for HMM-

M+D before declining thereafter (Figure 9e). The same qualitative pattern is seen for 

tICA (Figure 9f), where diBerences between HMM configurations become small and 

the fold-mean trajectories again favour 𝐾 = 1. In other words, under PCA/tICA 

inferring an HMM with two or more states does not improve the held-out likelihood 

relative to the static baseline and typically reduces it. 

In contrast to the HMMs, the SWC and sFC baselines improve with 𝐾 under both 

temporal decompositions. For PCA, SWC peaks at	𝐾 = 22	(0.143)	and sFC peaks at 

𝐾 = 8	(0.130). For tICA the gains are smaller but still present: sFC peaks at 𝐾 = 3 

(0.040) and SWC at 𝐾 = 4 (0.022). This suggests that the baselines are capturing 

between-subject diBerences through clustering, which improves as the number of 

clusters increases. In tICA, SWC does not clearly improve on sFC, suggesting that it 

captures little beyond a largely static clustering of between-subject diBerences 

under this representation. 

The collapse of the HMM-based BCV suggests a representation-driven eBect: 

temporal decompositions can concentrate shared, mean-driven state trajectories 

into a low-dimensional subspace, so that the dynamic evidence is no longer 

distributed across many channels. In this regime, BCV can underestimate, or even 

reverse, the apparent benefit of multi-state models. We focus here on the empirical 
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signature in real data; the underlying mechanism is outlined in Supplementary Note 

S1, and the supporting simulations are shown in Supplementary Figure S6. The key 

question, therefore, is whether BCV is failing because the state structure is absent, or 

because the representation makes that structure diBicult for channel-split BCV to 

reward. This motivates a complementary, stability-based view of model order. 

Split-half reproducibility remains informative when BCV collapses under 

temporal mixing 

We quantified the split-half reproducibility of HMM state structure by matching states 

across independent halves of the data and measuring the agreement between the 

corresponding state estimates. We summarised mismatch using the mean Euclidean 

distance for state means (HMM-M+S) and the mean Riemannian distance for state 

covariances (HMM-M+D and HMM-M+F), where lower values indicate more 

reproducible state structure; therefore, upward shifts in the boxplots indicate that 

matched states are becoming harder to recover across splits (Figure 10). 

Across sICA, PCA, and tICA, reproducibility shows a clear dependence on 𝐾. For 

small 𝐾, states are highly reproducible, while increasing 𝐾 leads to progressively less 

stable state structure and a clear point of diminishing returns (an “elbow”), beyond 

which additional states are harder to recover reliably. Accordingly, the boxplots are 

most informative through their shape across 𝐾: rather than choosing the global 

minimum distance, we ask where the matched-state distance begins to increase 

sharply, indicating that additional states are no longer being recovered stably across 

splits. For example, in sICA with HMM-M+F, the median reproducibility distance 

increases modestly from 𝐾 = 1 to 𝐾 = 4 (0.29 → 0.57), but shows a sharp jump at 
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𝐾 = 5 (0.57 → 1.22; Δmedian ≈ 0.65), after which changes are comparatively smaller 

(reaching 1.75 by 𝐾 = 10). For sICA overall, this pattern agreed with the BCV results: 

the regime that improves held-out likelihood also yields stable state estimates. 

Crucially, the same structured reproducibility profile is present for PCA and tICA, 

despite BCV favouring 𝐾 = 1 in these representations. This apparent divergence is 

not contradictory, because the two analyses ask diBerent questions: BCV assesses 

held-out generalisation under a channel-split criterion, whereas split-half 

reproducibility assesses whether similar state structure is recoverable across 

independent subject samples. This indicates that the BCV collapse under temporal 

mixing does not simply reflect failed state estimation but instead suggests a 

mismatch between the BCV criterion and representations that concentrate shared 

dynamics into fewer channels. Across decompositions, the largest median “jump” 

occurs in a similar range (HMM-M+F: 𝐾 ≈ 5; HMM-M+S: 𝐾 ≈ 8), and PCA/tICA follow 

a similar trajectory. 

The scatter plots in the bottom row of Figure 10 summarise this divergence. Each 

point corresponds to one configuration (representation × observation model × 𝐾), 

with the x-axis showing BCV fit and the y-axis showing matched-state distance, so 

lower points indicate more reproducible solutions. For sICA, BCV log-likelihood and 

split-half reproducibility are positively associated (𝑟 = 0.64): configurations that fit 

better out of sample also tend to produce more stable states. For PCA and tICA, the 

relationship reverses (𝑟 = −0.54 and 𝑟 = −0.92, respectively), because BCV worsens 

as 𝐾 increases even though split-half reproducibility still shows a clear trajectory 

across model orders. The two criteria therefore agree under sICA but diverge under 
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PCA/tICA, so poorer BCV under temporal mixing need not imply poorer recoverability 

of the underlying state structure. 

As described in the Methods, split-half reproducibility is most informative here 

through its elbow rather than as a single optimum criterion. In our data, that elbow is 

identifiable and occurs in a similar 𝐾 range across decompositions, showing that 

split-half reproducibility still helps identify a sensible model order even where BCV 

becomes uninformative under temporal mixing. Finally, because the “best” 𝐾 is 

ultimately task-dependent, we treat reproducibility as one lens and later 

complement it with out-of-sample prediction as an external check on behavioural 

relevance. Before turning to prediction, however, we next ask a more basic 

interpretational question: what aspect of the signal is giving rise to the apparently 

recoverable dynamics in the first place.  
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Figure 10. Split-half reproducibility shows a similar pattern across representations and observation models, 
while BCV shows opposing trends for spatial ICA versus temporal decompositions. (a–c) Split-half 
reproducibility of HMM state structure across the number of states 𝐾, shown for three time-series 
representations (columns: sICA, PCA, tICA) and three observation models (rows: HMM-M+S, HMM-M+D, 
HMM-M+F). For each setting, states were fit independently in two halves of the data, matched across halves, 
and mismatch was summarised using the appropriate matched-state distance metric for that observation 
model, with lower values indicating more reproducible state structure. Boxplots show the distribution across 
split-half realisations (median in red; mean shown by triangle markers). Across all representations and 
observation models, reproducibility degrades systematically with increasing 𝐾, with a clear elbow beyond 
which additional states become progressively harder to recover reliably. The bottom row shows BCV log-
likelihood against split-half reproducibility (HSR distance) for each combination of representation, observation 
model, and 𝐾 (colour scale). For sICA, higher BCV scores generally correspond to lower HSR distances (𝑟 =
0.64), but for PCA and tICA the relationship reverses (𝑟 = −0.54 and 𝑟 = −0.92), indicating that BCV 
deteriorates with increasing 𝐾 even though split-half reproducibility still shows a clear elbow across model 
orders. Split-half stability therefore provides an informative complement to BCV, particularly in regimes where 
BCV collapses under temporal mixing. 
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Removing mean and variance dynamics largely eliminates apparent 

residual dynamics 

To probe what is driving the BCV improvements of multi-state models, we performed 

a simple residualisation diagnostic. This analysis moves from model selection to 

interpretation: rather than asking which model fits better, we ask what aspect of the 

signal those model improvements are likely capturing. We first fit an HMM to the 

original time series, reconstructed the expected contribution of that model to the 

data, and subtracted it to form a residual time series. We then re-evaluated the 

evidence for remaining dynamics by fitting/evaluating HMMs on these residuals 

under BCV. 

Residualising with a mean+variance HMM model (HMM-M+D) markedly reduces the 

apparent benefit of fitting a richer dynamic model afterwards. When we remove the 

contribution of a 𝐾IMN-state HMM-M+D model and then evaluate on the residuals, 

BCV performance drops progressively as 𝐾IMN increases (Figure 11). Under HMM-M+F 

evaluation (Figure 11a), removing only 𝐾IMN = 2 states still leaves substantial residual 

dynamics (median centred BCV reaching +0.40 by 𝐾MZJ[ = 14), but by 𝐾IMN = 6 the 

curves fall below the static baseline and continue to decline, reaching −0.69 at 

𝐾IMN = 18, 𝐾MZJ[ = 14. Under HMM-M+S evaluation (Figure 11b), the same 

progression is seen but the residual structure persists longer: at 𝐾IMN = 6 modest 

positive gains remain (median +0.14 at 𝐾MZJ[ = 4), whereas by 𝐾IMN = 18 the centred 

BCV is near zero across all evaluation K, indicating that the recoverable dynamic 

signal has been largely eliminated. The faster collapse under HMM-M+F likely reflects 

overfitting by the richer evaluation model on the residualised data. 
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Figure 11. Removing mean- and variance-driven dynamics via HMM-based residualisation. BCV test log-
likelihood (evaluated on held-out folds, centred relative to the K=1 static baseline) as a function of evaluation-
state count 𝐾 after residualising the time series by subtracting the expected HMM-M+D contribution estimated 
with 𝐾!"# states (colour indicates 𝐾!"#, i.e., “𝐾!"# states removed”). (a) Evaluation under HMM-M+F. (b) 
Evaluation under HMM-M+S. Increasing 𝐾!"# progressively reduces the BCV performance of the evaluated 
model, consistent with the removed HMM capturing and subtracting a larger fraction of the exploitable 
temporal structure. Under HMM-M+F evaluation (a), multi-state models fit worse than the static baseline at 
higher 𝐾!"#, suggesting overfitting of the richer evaluation model, whereas under HMM-M+S evaluation (b), 
BCV converges to the static baseline by 𝐾!"# = 18, indicating that the recoverable dynamic signal has been 
largely eliminated. 

This does not contradict the earlier BCV results on the original data, where HMM-M+F 

often gave the highest log-likelihood, since its advantage over HMM-M+D was 

generally modest. Here the question is diBerent: after mean- and variance-related 

dynamics have been removed, we ask whether substantial additional structure 

remains for the evaluation model to exploit. 

We stress that this subtraction is a diagnostic rather than a generative test. Real fMRI 

time series are not HMM-generated, and residualisation is not guaranteed to preserve 

the assumptions of the evaluation model. Nonetheless, the progressive degradation 

of BCV performance as 𝐾TU9 increases suggests that, after removing mean- and 

variance-related dynamics, the residual time series contain limited evidence of 

additional strong dynamic structure under the present evaluation models. This does 

not by itself establish which features will matter most for behaviour, so we next turn 
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to prediction as an external check on the practical relevance of these diBerent signal 

components. 

Prediction suggests that much of the behaviourally relevant signal is 

captured by static FC and simple dynamic summaries 

We next asked whether the representation and observation-model choices that 

matter for BCV also matter for behaviour. This provides an external check on the 

preceding analyses: even if a representation complicates model selection or 

interpretation, it may still retain subject-relevant information that is useful for 

prediction. Accordingly, weaker BCV under PCA/tICA would only imply a stronger 

conclusion if it were matched by loss of reproducibility and loss of predictive 

usefulness, which we test here explicitly. 

We therefore predicted 19 HCP cognitive traits using features derived from HMMs fit 

in sICA, tICA, and PCA spaces, alongside static FC baselines and simple 

combinations of static and dynamic feature blocks. Rather than judging any one 

model via its success in describing underlying neural dynamics, we use cognitive 

prediction here as an external measure of usefulness (Vidaurre 2024). In this sense, 

prediction provides a task-relevant lens on which feature sets carry subject-specific 

information in the present sample and modelling setup. 

Throughout this section, we focus on partial-correlation connectivity features, as 

these were the strongest static FC baseline in our setting (in line with prior work; 

Pervaiz et al. 2020); results for covariance, correlation and precision are summarised 

in Supplementary Figures S1–S2. Across representations, static partial correlation 
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outperformed alternative static parameterisations (mean 𝑅. for Static FC: sICA pcorr 

0.058 vs corr 0.048 vs cov 0.032; tICA pcorr 0.064 vs corr 0.057 vs cov 0.057; PCA 

pcorr 0.068 vs corr 0.057 vs cov 0.055). 

Figure 12 compares three feature sets within each representation: Static (static 

partial-correlation FC), Dynamic (HMM features including both state-specific means 

and full covariances, with partial correlations used as the representation of the 

covariance features), and Combined (means-only HMM features plus static partial-

correlation FC). Per-trait 𝑅. values are shown in the heatmaps, with the best-

performing method for each trait highlighted; mean 𝑅. across traits is summarised in 

the bar charts below; and the distribution of per-trait improvements over Static is 

shown for both Dynamic and Combined. A per-trait side-by-side comparison of 

Static, Dynamic and Combined performance is shown in Supplementary Figure S3. 
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Figure 12. Static vs dynamic predictors of cognition across time-series representations (partial-correlation 
FC). For each cognitive trait (rows) and three feature sets (columns: Static, Dynamic, Combined), heatmaps 
show out-of-sample prediction 𝑅$ (a–c, top row), with the best-performing method for each trait highlighted in 
colour and 𝑅$ values annotated. Static denotes models using static partial-correlation FC; Dynamic uses 
HMM state-specific means and full covariances (partial correlations); Combined uses HMM state means 
together with static partial-correlation FC. Bar charts (second row) show mean 𝑅$ across all 19 traits, with a 
star marking the best method. Histograms show the per-trait change in 𝑅$ relative to Static FC for Dynamic − 
Static (third row) and Combined − Static (fourth row), with solid and dashed vertical lines indicating the mean 
and median improvement respectively. Results are shown separately for (a) spatial ICA, (b) temporal ICA, 
and (c) PCA. Traits are ordered within each panel by mean performance across the three feature sets. 
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Across representations, relatively simple feature sets captured most of the predictive 

signal, but the best-performing feature block depended on the time-series 

representation. In spatial ICA, Dynamic and Combined both significantly 

outperformed Static FC (mean Δ𝑅. = +0.006 for both; Dynamic: 𝑝 = 0.016, winning 

16/19 traits; Combined: 𝑝 = 0.001, winning 18/19; Figure 12a), but did not diBer 

from each other (𝑝 = 0.92). In temporal ICA, Dynamic significantly outperformed 

Static (mean Δ𝑅. = +0.004; 𝑝 = 0.020, winning 14/19 traits; Figure 12b), while 

Combined was essentially on par with Static (mean Δ𝑅. ≈ 0; 𝑝 = 0.71, winning 7/19 

traits). In PCA, Combined significantly outperformed Static (mean Δ𝑅. = +0.003; 

𝑝 = 0.020, winning 14/19 traits; Figure 12c), while Dynamic did not reach 

significance (𝑝 = 0.19, winning 10/19 traits). Dynamic and Combined did not diBer 

significantly from each other in any decomposition. 

The per-trait heatmaps and improvement histograms show that these gains are 

broadly distributed rather than driven by a few traits, though the largest 

improvements were consistently for vocabulary-related measures (e.g., picture 

vocabulary Δ𝑅. = +0.022 in sICA, +0.032 in PCA) and reading (Δ𝑅. = +0.021 in 

sICA). Static was never the best method for any trait in sICA or tICA, and won only 

2/19 traits in PCA. Neither Dynamic nor Combined uniformly dominated the other: 

across all three decompositions, only 6/19 traits agreed on which method was best, 

suggesting that the relative benefit is partly trait specific. 

Overall, these diBerences are modest in absolute terms, but the pattern fits the 

broader story: in the present prediction setting, much of the behaviourally relevant 

signal is captured by static connectivity and low-order dynamic summaries, while 
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covariance-specific dynamic features yield only modest additional gains in predictive 

performance depending on representation. Importantly, prediction under tICA and 

PCA remained strong even though BCV collapsed and favoured 𝐾 = 1, with both 

achieving comparable accuracy to sICA using Static and Dynamic features.  

This illustrates that the three evaluation lenses are not interchangeable: BCV can 

become uninformative for model order under a particular representation even when 

split-half reproducibility indicates recoverable structure and prediction shows 

retained subject-relevant information. Prediction therefore provides an external 

check that meaningful individual-diBerence signal remains even when BCV is 

uninformative for model order. 

Prediction confirms that HMM states carry behaviourally relevant 

information across model orders 

Having established that dynamic and combined features provide small but 

consistent gains over static FC at a fixed model order, we next ask whether this 

pattern holds across 𝐾. The corresponding Combined-versus-Static comparisons 

across model orders are shown in Supplementary Figure S5. 

Figure 13 varies the number of HMM states for the Dynamic model (state-specific 

means and partial correlations derived from HMM covariances), using static partial-

correlation FC as the baseline (mean 𝑅.:	sICA 0.055, tICA 0.061, PCA 0.067). 

Dynamic features outperformed Static for nearly every trait across 𝐾 values (see 

Supplementary Figure S4), but the best 𝐾 varied substantially by trait and 
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representation, with only 1/19 traits selecting the same best 𝐾 across all three 

spaces (Figure 13a-c). 

The best overall model order also diBered by representation. In sICA (Figure 13d), 

𝐾 = 2 produced the largest average gain (mean Δ𝑅. = +0.0095; 𝑝 < 0.001, winning 

19/19 traits) and was significantly better than the runner-up 𝐾 = 6 (𝑝 = 0.036), after 

which performance declined but all model orders remained above Static. In tICA 

(Figure 13e), 𝐾 = 6 performed best (mean Δ𝑅. = +0.004; 𝑝 = 0.021, winning 16/19 

traits), with performance increasing up to 𝐾 = 6 and then falling oB at higher 𝐾, 

though 𝐾 = 6 was not significantly better than the runner-up 𝐾 = 8 (𝑝 = 0.29). In 

PCA (Figure 13f), 𝐾 = 6 again performed best on average (mean Δ𝑅. = +0.004) but 

the improvement over Static did not reach significance (𝑝 = 0.19), and no 𝐾 value 

was clearly preferred (𝑝 = 0.62 vs runner-up 𝐾 = 4). Together, these results suggest 

that dynamic features carry behaviourally relevant information across model orders, 

but the optimal 𝐾 and the strength of improvement over Static FC are representation 

dependent. 
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Figure 13. Prediction of HCP cognitive traits from Dynamic features across time-series representations and 
HMM model order (partial-correlation FC). Panels (a–c) show out-of-sample prediction 𝑅$ for 19 cognitive 
traits (y-axis) using static FC and HMM-derived dynamic features, plotted separately for (a) spatial ICA, (b) 
temporal ICA, and (c) PCA representations. Each point corresponds to one trait; colour indicates feature 
set/model order: Static FC uses a single static partial-correlation matrix per subject, while Dynamic uses HMM 
features with state-specific means and full covariances, with covariance features parameterised as partial 
correlations. Dynamic results are shown for multiple numbers of HMM states, 𝐾 (legend). Traits are ordered 
within each panel by mean performance across feature sets. Panels (d–f) summarise mean prediction 
performance across traits as a function of 𝐾 for (d) spatial ICA, (e) temporal ICA, and (f) PCA, with the Static 
baseline shown for comparison. 
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Figure 14 repeats this analysis for the Combined model (HMM means-only features 

plus static FC). As with the Dynamic model, the per-trait dot plots show that 

individual traits vary in which model order performs best (Figure 14a-c), and again 

the optimal K rarely agrees across decompositions (1/19 traits). In sICA, the mean R² 

bar chart reveals a steady improvement with 𝐾, from 0.055 at 𝐾 = 2 to 0.065 at 𝐾 =

10 (Δ = +0.010 over Static;	𝑝 < 0.001; Figure 14d), though the best at 𝐾 = 10 was 

not significantly better than the runner-up at 𝐾 = 8 (𝑝 = 0.39). This monotonic 

increase matches the BCV trajectory for HMM-M+S, which also favoured higher 

model orders (𝐾VWT9 = 14). In PCA, Combined peaks at 𝐾 = 6 (mean	𝑅. = 0.070, Δ =

+0.0030; 𝑝 = 0.027; Figure 14f), while in tICA the gains are small and inconsistent 

across 𝐾, with the best model order (𝐾 = 8) improving only marginally over Static 

(Δ = +0.0014; 𝑝 = 0.29; Figure 14e). 

Comparing the two feature sets directly, an interesting crossover emerges in sICA: 

Dynamic outperforms Combined at low 𝐾 (𝐾 = 2: Δ Dynamic−Combined=	+0.009) 

but Combined overtakes Dynamic at higher 𝐾 (𝐾 = 8: Δ = +0.003; 𝐾 = 10: Δ =

+0.004). This suggests that Combined relies partly on state means, which appear to 

become more informative as the number of states increases, whereas Dynamic’s 

full-covariance features may be more susceptible to overfitting at higher model 

orders. This supports the earlier BCV results, where HMM-M+F peaked at lower state 

orders than the higher 𝐾 values selected by BCV for HMM-M+S. 

In tICA and PCA, by contrast, the two approaches perform similarly across all 𝐾. 

Combined with the split-half reproducibility results, these prediction patterns 

suggest that BCV identifies meaningful model structure in sICA, and that the collapse 
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of BCV-based model selection under PCA/tICA reflects a criterion-specific limitation 

rather than a breakdown in the underlying state structure. 

 

Figure 14. Prediction of HCP cognitive traits from Combined features across time-series representations and 
HMM model order (partial-correlation FC). Panels (a–c) show out-of-sample prediction 𝑅$ for 19 cognitive 
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traits (y-axis) using static FC and Combined (static FC + HMM means-only) features, plotted separately for (a) 
spatial ICA, (b) temporal ICA, and (c) PCA representations. Each point corresponds to one trait; colour 
indicates feature set/model order: Static FC uses a single static partial-correlation matrix per subject, while 
Combined uses HMM state-specific means concatenated with static FC features. Combined results are shown 
for multiple numbers of HMM states, 𝐾 (legend). Traits are ordered within each panel by mean performance 
across feature sets. Panels (d–f) summarise mean prediction performance across traits as a function of 𝐾 for 
(d) spatial ICA, (e) temporal ICA, and (f) PCA, with the Static baseline shown for comparison. 

Discussion 

Our results show that in the resting HCP fMRI data much of what is modelled as 

“dynamic FC” in rfMRI can be explained by structured dynamics in mean activity 

(and, to a lesser extent, amplitude, i.e. variance). This was not specific to the HMM 

analysis: the sliding-window results also pointed to a cautious interpretation and did 

not provide clear evidence that windowed FC captured substantial additional 

temporal structure beyond simpler baselines in these data. At the same time, while 

HMM configurations that included state-specific covariances improved out-of-

sample fit, under BCV these improvements were often not significantly greater than 

those achieved by more parsimonious models. Here, we separate three questions 

that are often conflated in work on dFC: whether model selection is reliable, whether 

recoverable state structure is present, and which signal component that recoverable 

structure primarily reflects.This motivates a more cautious interpretation of HMM 

states. Since a state covariance combines per-component amplitude with 

correlation structure, two states can have diBerent covariance matrices while sharing 

the same correlations, diBering only in mean activity and fluctuation amplitude. Our 

results indicate that much of the apparent state-to-state variation in covariance is of 

this kind, so covariance diBerences between states need not imply reconfiguration of 

the underlying correlation structure, and therefore do not necessarily constitute 

time-varying FC in the sense usually intended. 
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This decomposition is not absolute, since correlated changes in activity level 

contribute to covariance over any finite window and the balance between 

components depends on the timescale at which states are defined. What makes the 

present finding empirical rather than definitional is that removing state-dependent 

mean and amplitude structure leaves little evidence for additional dynamic 

correlation across a range of model orders, rather than this being fixed by the chosen 

state timescale. These analyses do not establish the true data-generating 

mechanism but instead test how far the observed patterns can be accounted for 

without requiring additional state-specific correlation changes. 

The sICA results provide a clean baseline where BCV behaves as expected. Model 

rankings are stable across folds and across 𝐾, with rapid gains at small 𝐾 and 

diminishing returns beyond moderate model orders. The ordering is consistent: 

HMM-M+F tends to achieve the highest held-out likelihood, followed by HMM-M+D 

and then HMM-M+S. However, the practical separation between HMM-M+F and 

HMM-M+D is often modest, and in some regimes not clearly decisive. Importantly, 

the two models can achieve comparable fit at diBerent model orders: mean+variance 

models may require substantially larger 𝐾 (e.g., ~25 states) to match the fit of a full-

covariance model with fewer states (e.g., ~8), reflecting a trade-oB between more 

states with simpler per-state structure versus fewer states with more expressive per-

state covariances. We therefore interpret the ordering as evidence that covariance 

flexibility can help, while emphasising that there may be multiple, comparably 

adequate descriptions of the same data under BCV, rather than a single uniquely 

correct account of the underlying dynamics. In the absence of a realistic generative 
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model of rfMRI, these alternatives are better viewed as complementary statistical 

descriptions whose usefulness depends on the scientific question being asked 

(Vidaurre 2024). 

Under temporal decompositions the picture changes. For PCA and tICA, BCV often 

peaks at 𝐾 = 1, so multi-state models can generalise worse than a static baseline in 

that representation. At the same time, split-half reproducibility remains structured 

and yields a usable elbow as 𝐾 increases. This seems to reflect how BCV behaves in 

that representation, rather than an absence of recoverable state structure. This 

distinction is important. BCV, split-half reproducibility, and prediction answer 

diBerent questions, so their divergence under PCA/tICA should not be read as an 

internal inconsistency. Rather, it indicates that temporally mixed representations can 

make shared dynamics harder for channel-split BCV to reward, even when similar 

state structure remains recoverable across independent splits and the resulting 

features still carry subject-relevant information. 

The residualisation analysis supports the same interpretation. Removing mean- and 

variance-HMM dynamics substantially reduces the evidence for further dynamic 

structure, and increasing 𝐾TU9	progressively strips out more of the recoverable 

structure that the evaluation model can exploit. 

Prediction oBers a more task-driven check. In the present prediction setup, 

behavioural performance is largely captured by static FC plus relatively simple 

dynamic summaries, while full-covariance dynamics provide only modest additional 

predictive gains over those simpler summaries. This should not be taken to imply that 

state-specific covariance features contain no further subject-relevant information, 
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only that their extra predictive value is limited in the current sample and modelling 

framework, where the number of subjects may be insuBicient to fully exploit such 

high-dimensional feature sets. Prediction also stays informative in settings where 

BCV collapses, which matches the split-half reproducibility results and suggests we 

should not interpret PCA/tICA BCV failures as “the data are static”. Practically, it 

reinforces the idea of combining evidence from BCV, stability, and task performance 

depending on the goal.  

There are also implications for how we talk about “dFC states”. Covariance 

diBerences between inferred states do not automatically imply changing coupling. 

Dynamics in mean activity and fluctuation amplitude can induce apparent dynamics 

in covariance, and therefore FC; and similar confounding can aBect sliding window 

connectivity even with window de-meaning, because slow changes in mean activity 

or amplitude may still aBect windowed covariance estimates and be misinterpreted 

as FC variation. This means state-wise covariance diBerences should be interpreted 

cautiously, particularly when used as evidence for FC reconfiguration. One way to 

improve this comparison in future work would be to demean the sliding-window 

covariances per session, making them approximately orthogonal to static FC so that 

the windowed features capture fluctuations around the static baseline rather than 

the baseline itself (Leonardi and Van De Ville 2015). 

Two limitations are worth flagging. First, residualisation is not guaranteed to preserve 

the assumptions of the downstream model, so we treat it as a diagnostic rather than 

proof that we have eliminated all forms of dynamic structure. In particular, 

subtracting mean and variance components can distort higher-order dependencies, 
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so reduced BCV evidence should be interpreted as suggestive rather than definitive. 

Second, in an HMM the mean and covariance are tied to the same latent state 

sequence, which implicitly forces them to change on the same timescale. A related 

open question, which the HMM cannot resolve because it ties these components to a 

single state sequence, is whether mean activity, amplitude, and covariance fluctuate 

on the same timescale or on diBerent ones.  

Future work could relax this by using models that explicitly separate fluctuations in 

mean activity and amplitude from covariance reconfiguration, for example dynamic 

network mode models such as DyNeMo (Gohil et al. 2022) or multi-timescale 

frameworks such as MAGE (Pervaiz et al. 2022). Such models may help clarify 

whether there are covariance-specific dynamic eBects beyond the mean-linked 

structure emphasised here. These models also relax the temporal assumptions built 

into the HMM, which places the brain in exactly one state at each time point with 

mutually exclusive, non-overlapping states. DyNeMo instead allows several modes to 

be co-active with continuously varying weights, so whether relaxing this mutual-

exclusivity assumption changes the conclusions reached here is an open question 

worth investigating directly. 

Another direction is to explore lower-dimensional representations of state-specific 

covariance features for prediction, which may allow their subject-relevant 

information to be exploited more eBectively in settings such as HCP where sample 

size is limited relative to feature dimensionality. 
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Supplementary Information for Chapter 3 

Supplementary Figures 

 

Figure S1. Prediction of cognitive traits from static functional connectivity across representations. For 
each cognitive trait (y-axis), we report out-of-sample 𝑅$(x-axis) obtained using static connectivity features 
computed from three time-series representations: spatial ICA (top), temporal ICA (middle), and PCA (bottom). 
Within each panel, coloured points correspond to different static FC feature definitions: covariance, 
correlation, partial correlation, and precision (legend). Overall, prediction accuracy varies across traits, while 
differences between static FC parameterisations are comparatively modest within a given representation.
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Figure S2. Mean prediction performance across cognitive traits. Bars show the average out-of-sample 
𝑅$across all cognitive traits for each combination of time-series representation (sICA, tICA, PCA) and static 
functional connectivity feature definition (covariance, correlation, partial correlation, precision). Values at bar 
ends indicate the mean 𝑅$. Overall, performance differences are driven primarily by the time-series 
representation and the choice of static FC parameterisation, with PCA partial correlation achieving the highest 
mean 𝑅$in this comparison.  
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Figure S3. Per-trait comparison of Static vs Dynamic and Combined prediction accuracy. For each 
cognitive trait (rows), the black diamond shows Static FC prediction R², with lines extending to Dynamic 
(circle) and Combined (square) R² values. Results are shown separately for (a) spatial ICA, (b) temporal ICA, 
and (c) PCA. All models use partial-correlation FC features. Traits are ordered by mean R² across methods.   
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Figure S4. Per-trait prediction gains of Dynamic over Static FC across HMM model orders. Panels (a–c) 
show per-trait dumbbell plots comparing Static FC (black circle) with the best-performing Dynamic model 
order (blue diamond) for (a) spatial ICA, (b) temporal ICA, and (c) PCA. Lines are coloured blue where 
Dynamic outperforms Static and salmon where it underperforms. Panels (d–f) show the corresponding 
difference heatmaps, where each cell displays ΔR² (Dynamic − Static) for a given trait (rows) and number of 
HMM states K (columns), with blue indicating improvement and red indicating deterioration relative to Static 
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FC. All models use partial-correlation connectivity features. Traits are ordered by mean R² across feature 
sets.  
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Figure S5. Per-trait prediction gains of Combined over Static FC across HMM model orders. Panels (a–
c) show per-trait dumbbell plots comparing Static FC (black circle) with the best-performing Combined model 
order (green diamond). Panels (d–f) show difference heatmaps (ΔR² = Combined − Static), with green 
indicating improvement and red indicating deterioration.  
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Supplementary Note S1: Mean-driven switching induces a low-dimensional temporal 

subspace 

Let 𝑥# ∈ ℝ7  denote a multivariate time series and suppose that apparent dynamics 

arise from switching between 𝐾 state-specific mean patterns: 

𝑥# = 𝜇\! + 𝜀# ,												𝑧# ∈ {1,… , 𝐾},										𝔼[𝜀#] = 0.			

Let ℎ# ∈ {0,1}>  be the one-hot state indicator, with ∑ ℎ#!>
!6% = 1, and stack the state 

means into the matrix 𝑀 = [𝜇%, … , 𝜇>] ∈ ℝ7×>. Then 

𝑥# = 𝑀ℎ# + 𝜀# ,														𝜇̄ = 𝑀𝜋,					𝜋 = 𝔼[hH].	

Hence the centred signal can be written as 

𝑥# − 𝜇̄ = 𝑀(ℎ# − 𝜋) + 𝜀# .	

Because 𝟏<(ℎ# − 𝜋) = 0, the vector ℎ# − 𝜋 lies in a (𝐾−1)-dimensional subspace. It 

follows that the mean-driven state term 𝑀(ℎ# − 𝜋) has at most 𝐾 − 1 independent 

temporal degrees of freedom. Assuming 𝜀#  is independent of ℎ#, the corresponding 

between-state covariance contribution is low rank: 

Cov(𝑥#) = Cov(𝜀#) + 𝑀 Cov(ℎ#) 𝑀<,									rank(𝑀 Cov(ℎ#) 𝑀<) ≤ 𝐾 − 1.	

For 𝐾 = 2, this reduces to a rank-1 outer-product term. 

Interpretation and limitations. This result holds exactly for the mean-driven 

component under the idealised switching model above: if non-stationarity is 

dominated by changes in the state means 𝜇\!, then the corresponding state-related 

signal lies in a low-dimensional temporal subspace of dimension at most 𝐾 − 1. This 

provides a simple mechanism by which temporal mixing methods such as PCA can 
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represent mean-driven switching using only a small number of temporal 

components. 

In real data, however, such concentration need not occur exactly. Observation noise, 

together with state-dependent changes in covariance or variance, can spread state-

related structure across more components. Thus, the extent to which a temporal 

decomposition compresses switching-related signal depends on the relative strength 

of mean-driven eBects compared with covariance- and variance-driven structure. For 

tICA, similar concentration is expected only when the switching-related time courses 

are suBiciently structured and non-Gaussian for ICA to prioritise them; this is not 

guaranteed, because ICA optimises statistical independence rather than variance 

explained. We therefore treat this note as a mechanistic motivation and test these 

predictions directly in the Simulation below, which varies the relative contributions 

of state-dependent means, cross-component correlations, and variance.  

Simulation: Temporal decompositions concentrate mean-driven state signal 

To illustrate the mechanism behind the BCV collapse under temporal 

decompositions, we simulated multivariate time series from a 6-state HMM with 52 

channels, while varying the relative contribution of state-dependent means, cross-

component correlations, and variance. After applying tICA, we asked whether the 

state-related signal was concentrated in a small number of components or spread 

more broadly across the decomposition. To quantify this, we defined a separation 

metric, Δ, as the diBerence between the mean absolute correlation of the top (𝐾 −

1 = 5) tICA components and the mean absolute correlation of the remaining 

components with the ground-truth state time courses. Larger Δ indicates that the 
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state signal is concentrated in fewer tICA components; smaller Δ indicates that it is 

more diBuse (Figure S6). 

When state switching is driven mainly by diBerences in the state means, the signal 

term 𝑀(ℎ# − 𝜋) lies in a subspace of dimension at most 𝐾 − 1 (Supplementary Note 

S1). Consistent with this, tICA tended to concentrate this signal into a small number 

of components. Increasing the mean scale produced a sharp rise in Δ (Figure S6a), 

whereas increasing cross-component correlation structure reduced Δ (Figure S6b), 

indicating that covariance-related structure spreads the state signal more broadly 

across components. Increasing variance also reduced Δ, although more gradually 

(Figure S6c). Together, these simulations show that temporal decompositions such 

as tICA most strongly compress state-related signal when the dynamics are 

predominantly mean-driven. This provides a mechanistic explanation for why 

channel-split BCV can collapse under tICA/PCA even when the underlying state 

structure remains recoverable. 

 

Figure S6. tICA concentrates state-related signal most strongly when dynamics are mean-driven. 
Synthetic time series (52 channels, 6 HMM states, 100 random seeds per condition) were generated while 
varying the magnitude of state-dependent means (scale 𝑚), cross-component correlations (scale 𝑟), and 
variance (scale 𝑣). After applying tICA, we quantified signal concentration using the separation metric 𝛥: the 
difference between the mean absolute correlation of the top (𝐾 − 1 = 5) tICA components and that of the 
remaining components with the ground-truth state time courses. Larger 𝛥 indicates that the state-related 
signal is concentrated in fewer components. Points show the median 𝛥 across seeds; error bars indicate 
SEM. (a) Varying mean scale 𝑚 with correlation and variance fixed (𝑟 = 1.0, 𝑣 = 1.0): 𝛥 rises sharply from 
near zero and then plateaus, indicating that tICA strongly concentrates mean-driven switching signal. (b) 
Varying correlation scale 𝑟 with mean and variance fixed (𝑚 = 1.0, 𝑣 = 1.0): Δ remains high at low 𝑟 and 
decreases as correlation structure increases. (c) Varying variance scale 𝑣 with mean and correlation fixed 
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(𝑚 = 1.0, 𝑟 = 1.0): 𝛥 declines gradually as variance increases, consistent with the mean-switching signal 
becoming relatively weaker as overall noise power grows.  
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Supplementary Tables 

Table S1. HCP Subject Traits. 

Label used In 
paper 

Column Header Full Display Name Assessment 

Picture 
vocabulary 

picvocab_ageadj NIH Toolbox Picture Vocabulary 
Test: Adjusted Scale Score 

Language/Vocabulary 

Oral reading ReadEng_AgeAdj NIH Toolbox Oral Reading 
Recognition Test: Adjusted Scale 
Score 

Language/Reading 

Working 
memory task 
accuracy 

WM_Task_Acc Working Memory Task OVERALL 
Accuracy 

Working Memory Task 

Penn Matrix 
Reasoning 
correct 
responses 

PMAT24_A_CR Penn Progressive Matrices: 
Number of Correct Responses 
(PMAT24_A_CR) 

Fluid Intelligence 

Penn Line 
Orientation 
total positions 
off 

VSPLOT_OFF Penn Line Orientation: Total 
Positions Off for All Trials 

Spatial Orientation 

Relational 
task accuracy 

Relational_Task_Acc Average accuracy Percentage 
during RELATIONAL task 

Relational 

Penn Matrix 
Reasoning 
skipped items 

PMAT24_A_SI Penn Progressive Matrices: Total 
Skipped Items (PMAT24_A_SI) 

Fluid Intelligence 

Language task 
accuracy 

Language_Task_Acc Language Task OVERALL Accuracy Language Task 

Variable Short 
Penn Line 
Orientation 
total correct 

VSPLOT_TC Variable Short Penn Line 
Orientation: Total Number Correct 
(VSPLOT_TC) 

Spatial Orientation 

List sorting ListSort_AgeAdj NIH Toolbox List Sorting Working 
Memory Test: Adjusted Scale Score 

Working Memory 

Picture 
sequence 
memory 

PicSeq_AgeAdj NIH Toolbox Picture Sequence 
Memory Test: Adjusted Scale Score 

Episodic Memory 

Flanker Flanker_AgeAdj NIH Toolbox Flanker Inhibitory 
Control and Attention Test: 
Adjusted Scale Score 

Executive Function / 
Inhibition 

Card sorting CardSort_AgeAdj NIH Toolbox Dimensional Change 
Card Sort Test: Adjusted Scale 
Score 

Executive Function / 
Cognitive Flexibility 

MMSE score MMSE_Score Mini Mental Status Exam Total 
Score 

Cognitive Status (Mini 
Mental Status Exam) 

Processing 
speed 

ProcSpeed_AgeAdj NIH Toolbox Pattern Comparison 
Processing Speed Test: Adjusted 
Scale Score 

Processing Speed 

Penn Matrix 
Reasoning 
reaction time 
for correct 
responses 

PMAT24_A_RTCR Penn Progressive Matrices: Median 
Reaction Time for Correct 
Responses (PMAT24_A_RTCR) 

Fluid Intelligence 

Short Penn 
CPT false 
positives 

SCPT_FP Short Penn CPT False Positives = 
Sum of CPN_FP and CPL_FP 

Sustained Attention 

Short Penn 
CPT true 
negatives 

SCPT_TN Short Penn CPT True Negatives = 
Sum of CPN_TN and CPL_TPN 

Sustained Attention 

Short Penn 
CPT 
specificity 

SCPT_SPEC Short Penn CPT Specificity = 
SCPT_TN/(SCPT_TN + SCPT_FP) 

Sustained Attention 
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Chapter 4. The role of age in the relationship between 

brain structure and cognition: moderator or confound? 

Chapter preface 

This chapter is based on the following published article: GriBin, B., Gohil, C., 

Woolrich, M. W., Smith, S. M., and Vidaurre, D. The role of age in the relationship 

between brain structure and cognition: moderator or confound? Cerebral Cortex 

36(3), bhag024 (2026). The material presented here is taken closely from the 

published version, with only minor editorial adjustments to align the formatting and 

presentation with the rest of the thesis. 

Introduction 

Identifying robust associations between brain structure and cognition is critical for 

both basic neuroscience and clinical applications. Predictive models that reveal 

relationships between brain data (e.g., structural MRI) and cognitive abilities (e.g., 

fluid intelligence) are important for uncovering these associations, improving our 

understanding of cognitive decline and neurological disorders such as Alzheimer’s 

disease (Solé-Padullés et al. 2009) and other dementias (Suzuki et al. 2019).  

Capturing these brain-cognition relationships is complicated by the fact that ageing 

aBects both brain structure and cognition in complex ways that vary across 

individuals. For instance, diBerent cognitive abilities show diBerent relationships with 

age (Horn and Cattell 1967); crystallised abilities generally improve until 60 before 
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plateauing, whereas fluid abilities begin to decline from age 20 (Salthouse 2010; 

Murman 2015). Similarly, diBerent brain regions show distinct patterns of age-related 

atrophy (Fjell and Walhovd 2010; Bethlehem et al. 2022). The complexity increases 

when considering structure and cognition together. For example, dividing adults aged 

18-88 into younger and older groups revealed a weaker relationship between white 

matter and certain cognitive functions in older adults, suggesting that some brain-

cognition associations become less stable with age (de Mooij et al. 2018). 

These complexities make robust predictive modelling challenging, particularly when 

accounting for age. Although age is a key variable in certain studies of age-related 

conditions (Davis et al. 2018; Jack et al. 2019), it is often treated as a confound, and 

typically linearly regressed out from both the brain data and cognitive variables 

(Bracher-Smith et al. 2022; Azevedo et al. 2023). This approach ensures that 

identified relationships are truly reflective of brain-cognition associations 

independent of age, at least under assumptions of linearity. Nonetheless, models 

can still show age-related bias. While such biases are well documented for sex, 

ethnicity, and socio-economic status (Martin et al. 2019; Obermeyer et al. 2019; Li et 

al. 2022), they also arise for age (Greene et al. 2022; Wu et al. 2023). This is 

consistent with evidence that predictive models can also show limited 

generalisability across behavioural domains (e.g., cognition vs. personality; (Chen et 

al. 2022). These complexities highlight the importance of developing predictive 

approaches that perform robustly across age groups and call into question whether 

age should be treated merely as a nuisance variable to be removed. 
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Taken together, these considerations raise a central question: do the brain features 

linked to better cognition diBer between younger and older adults, potentially shifting 

toward ageing trajectories and atrophy in later life, and does this limit cross-age 

generalisability? To address this, we move beyond treating age solely as a linear 

confound and also consider its role as a moderator of brain-cognition relationships. 

Here, we use “moderation” in a broader sense to refer to age-dependent diBerences 

in brain-cognition associations, rather than the more orthodox estimation of a single 

continuous age × imaging-derived phenotype (IDP) interaction term (Burzynska et al. 

2012; de Chastelaine et al. 2019; de Chastelaine et al. 2023). While moderation is 

traditionally tested using continuous interaction terms, such approaches can fail to 

distinguish between true interaction eBects and underlying nonlinear age 

relationships (Rimpler et al. 2024). 

We characterise age-dependent diBerences using age-stratified univariate analyses 

of structural IDPs, which allow associations to vary flexibly across age groups. We 

then use cross-validated multivariate prediction to test how well brain-cognition 

mappings learned in one age group generalise to others. Given that ageing involves 

diBerent underlying mechanisms (e.g., neurodegeneration), we hypothesise that the 

structural brain features associated with cognitive performance in older adults may 

diBer from those in younger populations. 

Using data from UK Biobank (UKB) (Sudlow et al. 2015), we show age-dependent 

diBerences in how predictive models generalise across age. While certain brain-

cognition associations appear stable across the lifespan, we reveal an asymmetry: 

models trained on younger subjects generalise well to older subjects, but models 
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trained on older subjects fail to capture the relationships relevant to a younger 

population. This suggests that while certain brain-cognition associations are stable 

across the lifespan, there may be increased noise, variability, or complexity in the 

relationships for older subjects that impact model generalisability. These results 

highlight a trade-oB between specificity and generalisability, with important 

implications for both research and clinical applications. 

Methods 

UKB neuroimaging and non-imaging data 

We analysed data from UKB, a large-scale neuroimaging dataset that includes 

subjects aged 47 to 83 years. Our study explored the relationship between a 

composite cognitive measure and 1,439 structural IDPs. These IDPs comprised 1,436 

T1-weighted MRI measures, including Regional and Tissue Volume, Cortical Area, 

Cortical Thickness, Regional and Tissue Intensity, Cortical Grey-White Contrast, and 

White Matter Hyperintensity Volumes, along with three T2-weighted MRI measures.  

Our analysis included 25,170 UKB subjects, after excluding those with missing values 

for age or any of the cognitive traits used to construct the composite measure. No 

additional study-specific exclusions based on MRI quality or health-related criteria 

were applied. Missing values in structural IDPs were imputed using the mean to 

maintain a larger sample size. Overall missingness was low (2.17% of IDP entries 

across 1,439 IDPs), with no strong age-related diBerences; detailed diagnostics, 

including missingness by IDP category and age group, are reported in 

Supplementary Figure S1. 
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Age was used to define analysis-specific groupings. For analyses examining finer age-

dependent variation, subjects were stratified into quartiles, as used in the univariate 

modelling (Supplementary Figure S2 shows the age distribution and quartile cut-

points). For the multivariate analyses, we split the cohort into younger and older 

halves at the median age to maximise sample size per group and reduce overfitting 

risk in high-dimensional models. Supplementary Figure S3 shows this split and the 

corresponding sex distribution, confirming similar male-female proportions within 

each age group. 

Confound removal 

Large-scale neuroimaging datasets such as UKB have significantly increased the 

statistical power for detecting small brain-behaviour relationships but have also 

increased the risk of confounding biases (e.g., age, head motion), which may bias 

findings and complicate interpretation (Smith and Nichols 2018). To control for 

confounding eBects, we linearly regressed out the confounds from both imaging and 

cognitive variables. 

We created a reduced set of confounds from a comprehensive set of 562 UKB 

imaging confounds as described in (Alfaro-Almagro et al. 2021; see Supplementary 

Table S1). First, we selected 17 essential confounds including age, sex, age × sex, 

scanning site, head size, and head motion (Supplementary Table S2). These 

essential confounds were treated as explicit confound regressors and were excluded 

from dimensionality reduction.  
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We then summarised the remaining 545 confounds (including additional age-related 

terms such as age²) using Principal Component Analysis (PCA). PCA captured shared 

variance across correlated confounds in a smaller set of orthogonal components, 

avoiding redundancy and multicollinearity. We retained the principal components 

that together explained greater than 85% of the total variance, consistent with 

previous work using UKB confounds (Farahibozorg et al. 2021).  

When PCA was fit once on the full dataset, retaining components explaining >85% of 

variance corresponded to 211 components. In the multivariate cross-validation 

analyses, PCA was fit within each training fold and applied to held-out data; the 

number of retained components was highly stable across folds (median 197, range 

196-197). This captured most of the variability of the full confound set in a lower-

dimensional form while avoiding instability from including hundreds of highly 

correlated variables directly. Deconfounding was performed prior to modelling and, 

for cross-validation analyses, within training folds with transformations applied to 

held-out data to prevent leakage. The same confound specification (17 essential 

confounds plus PCA-reduced nuisance components) was used across analyses; only 

the fitting procedure diBered (full-dataset fit for univariate analyses versus within-fold 

fitting for cross-validated analyses). 

Age-related terms were included as confounds to prevent models from exploiting 

shared age dependence (i.e., IDPs acting as proxies for chronological age). This 

deconfounding removes direct age eBects but still allows the residual IDP-cognition 

association to vary across age groups, which we assess using age-stratified analyses 

and cross-age generalisation tests. As a diagnostic, we quantified the additional 
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variance explained by age-related terms beyond non-age confounds 

(Supplementary Figure S4 and Supplementary Table S3). 

Composite cognitive measure  

Prediction accuracy for individual cognitive traits is often limited (Pervaiz et al. 2020), 

and dividing the sample into age groups further reduces statistical power. To obtain a 

stable and interpretable cognitive target, we therefore constructed a composite 

measure from multiple UKB cognitive traits. 

Briefly, cognitive traits were first screened for suBicient data coverage and ranked by 

their brain-cognition predictability using preliminary elastic net models fitted across 

all subjects. Based on this screening, the top 30 traits were selected and combined 

using PCA, with the first principal component used as the final cognitive target. Trait 

screening was performed once to define a consistent outcome variable and was 

independent of age stratification analyses. Full methodological details and 

diagnostic analyses motivating these choices are provided in Supplementary 

Methods S1 and Supplementary Figure S5. The robustness of the cognitive 

composite to alternative construction strategies was assessed using sensitivity 

analyses reported in Supplementary Figure S6. 

Univariate modelling: age-moderated eOects 

To investigate whether associations between brain structure and cognitive 

performance vary across the lifespan, we applied univariate linear models to 

estimate age-dependent eBects of individual IDPs. This section outlines the 
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modelling approach and describes the permutation testing framework used to 

assess the statistical significance of the eBects. 

Linear modelling of age-dependent brain-cognition relationships 

All IDPs and cognitive measures were first deconfounded to remove confounding 

variance, including direct age-related eBects. Importantly, this procedure removes 

variance explained by age itself, but does not constrain how the residual IDP-

cognition association may diBer across age-defined subgroups. As the univariate 

analyses did not involve a train-test split, deconfounding was applied once across all 

subjects prior to age stratification. 

To estimate age-specific brain-cognition associations, subjects were stratified into 

four age quartiles (Q1-Q4). Age quartiles were used to provide a simple, interpretable, 

and robust characterisation of age-dependent eBects that does not rely on strong 

parametric assumptions about the functional form of age dependence. For each IDP, 

we constructed four quartile-specific regressors by multiplying the IDP by binary 

indicators of age quartile membership. This yielded four coeBicients per IDP, each 

representing the association between that IDP and cognition within a specific age 

quartile. 

IDPs were standardised (z-scored) within each age quartile after deconfounding, 

ensuring comparability of coeBicient magnitudes across quartiles. No additional 

confound regressors were included in the univariate models, as confounding eBects 

had already been removed from both imaging and cognitive variables prior to 

analysis. Each model therefore consisted of quartile-specific intercepts 

(implemented as age-quartile indicator variables) and four quartile-specific IDP 
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regressors. This allows baseline cognition to diBer across quartiles, ensuring slope 

diBerences reflect within-quartile associations rather than between-quartile mean 

shifts. Under this formulation, quartile-specific coeBicients quantify brain-cognition 

associations after removing direct age-related variance, and diBerences across 

quartiles reflect age-dependent diBerences in association rather than residual age 

confounding (Rao et al. 2015; Jenkinson and Chappell 2017). 

Permutation testing of age-moderated e,ects 

To test whether IDP-cognition associations diBered across age quartiles, we used 

permutation testing on the age-stratified regression coeBicients. Specifically, the 

regression model yielded four IDP coeBicients (one for each age quartile). For each 

quartile, we computed the diBerence between the coeBicient for each quartile and 

the mean of the other three (test statistic and procedure in Supplementary Methods 

S2).  

We generated null distributions by randomly permuting subjects’ age-quartile 

assignments 10,000 times and recomputing these coeBicient-diBerence statistics 

(i.e., the quartile-versus-others contrasts). Permutation p-values were computed 

using a +1 correction, yielding four p-values per IDP (one per quartile). Statistical 

significance was assessed using Benjamini-Hochberg FDR correction across all 

IDP×quartile tests. 

In addition to testing individual IDPs, we assessed population-level evidence for age-

dependent eBects using global enrichment analyses of the permutation p-values. 

Specifically, we tested for non-uniformity using a Kolmogorov-Smirnov test, 

estimated the proportion of null associations using Storey’s π₀, and combined 
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evidence across IDPs using a permutation-based Fisher test (Supplementary 

Methods S3). These complementary analyses provide sensitivity to weak, distributed 

eBects that may not survive stringent multiple-comparison correction at the single-

IDP level (Fisher 1970; Nichols and Holmes 2002; Storey 2002). 
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Figure 15. Multivariate prediction framework and age-based generalisation schemes. (a) Multivariate 
prediction framework. Schematic of the nested cross-validation framework used for multivariate prediction of 
cognition from structural IDPs. Within each training fold, all data preparation steps, including standardisation, 
confound removal, and construction of the composite cognitive target via principal component analysis (PCA), 
were performed using training data only to avoid information leakage. The learned PCA loadings and elastic 
net model coefficients were then applied to held-out test data to generate out-of-sample predictions. (b) Age-
based generalisation schemes. Training and testing strategies used to assess model generalisation across 
age groups: (i) within-age-group models, trained and tested within the same age group; (ii) across-age-
group models, trained on one age group and tested on the other; and (iii) pooled models, trained on 
subjects spanning the full age range (subsampled to match training set sizes) and tested within a specific age 
group. The schematic illustrates a single fold of the cross-validation procedure. Across all approaches, models 
were trained and evaluated on equal numbers of subjects per fold. 
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Multivariate Modelling: Elastic Net Prediction 

This section describes the multivariate prediction framework used to assess model 

generalisation across diBerent age groups (Figure 15a). To prevent information 

leakage and ensure comparability across age groups and training regimes, all data 

preparation steps in the multivariate analyses were performed within cross-validation 

folds. This included deconfounding of imaging and cognitive variables, feature 

standardisation, and construction of the composite cognitive target via PCA, with all 

transformations estimated on the training data and applied unchanged to the held-

out test data, irrespective of whether models were trained or tested on younger, older, 

or pooled subjects (Snoek et al. 2019).  

We used elastic net regression to predict cognition from all 1,439 structural IDPs 

simultaneously. Unlike the univariate analyses, which examined IDPs one at a time, 

this approach incorporates all structural features together, allowing the model to 

capture brain-wide patterns associated with cognition and improving predictive 

performance in a way that aligns more closely with real-world or clinical applications.  

Multivariate prediction using elastic net regression 

Elastic net is a common approach for handling multicollinearity in large imaging 

datasets while avoiding overfitting. Elastic net combines the L₁ penalty of lasso 

(Tibshirani 1996) and the L₂ penalty of ridge regression (Hoerl and Kennard 1970), 

enabling both coeBicient shrinkage and sparsity in the model (Zou and Hastie 2005; 

Vidaurre et al. 2013). 
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Let 𝑋 ∈ ℝ)×V be the design matrix with 𝑛 subjects and 𝑝 features, and let 𝑦 ∈ ℝ) be 

the target vector, representing the composite cognitive measure. Following the 

implementation in scikit-learn, the elastic net regression coeBicients,	𝛽�, are 

determined by: 

𝛽� = argmin
]

¥
1
2𝑛	|

|𝑦 − 𝑋𝛽||.. + 𝛼 �𝜌�|𝛽|�% +	
1 − 𝜌
2 ||𝛽||..�¦. 

Here, 𝛼 is the overall regularisation strength, and 𝜌 (equivalent to l1_ratio in scikit-

learn) controls the mix between L1 and L2 penalties. Both hyperparameters were 

selected via nested cross-validation, and all IDPs were z-scored within each training 

fold (scaling applied to test folds) to ensure comparability across predictors. 

Age-split training and generalisation performance 

Using a fully cross-validated framework, we applied elastic net regression with 1,439 

IDPs to predict cognition, dividing the population into two equally sized age groups 

(younger and older halves). We opted for two groups, rather than four as in the 

univariate analyses, to simplify the analysis and ensure larger sample sizes per 

group. This grouping improved model stability and statistical power during cross-

validation, while still capturing meaningful age diBerences. Prior to modelling, all 

confounds (including age and age-related terms such as age²) were regressed out 

from both predictors and the cognitive target, ensuring that predictions reflected 

brain-cognition associations independent of known confound eBects, consistent 

with recommended best practice in large-scale neuroimaging analyses. Model 

performance was evaluated using 10-fold cross-validation, repeated 10 times with 
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diBerent random partitions of the data, resulting in 100 out-of-sample performance 

estimates. 

The population was divided into two equally sized age groups, a younger half and an 

older half. We examined six distinct training and testing approaches, as shown in 

Figure 15b: 

Within-age-group models: Training and testing within the same age group 

• Train: Young; Test: Young 

• Train: Old; Test: Old 

Across-age-group models: Training in one age group and testing in the other 

• Train: Young; Test: Old 

• Train: Old; Test: Young 

Pooled models: Training on the entire dataset and testing within each specific age 

group 

• Train: ALL; Test: Young 

• Train: ALL; Test: Old 

To ensure comparability across models, we matched the sample size of the Train: ALL 

dataset to each age-specific training set by randomly subsampling subjects. This 

provided a standardised framework for evaluating out-of-sample predictions across 

all approaches. 
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DiBerences in prediction performance between training regimes were assessed using 

two-sided paired Wilcoxon signed-rank tests across matched cross-validation 

repetitions, with Benjamini-Hochberg false discovery rate correction applied across 

planned pairwise contrasts. Planned contrasts included comparisons between 

within-age-group, pooled, and across-age-group models, as well as direct 

comparisons of young-trained versus old-trained models within each test group to 

assess asymmetries in age generalisation. 

Evaluation Metrics 

We report Pearson correlation (r), widely used in neuroimaging prediction studies 

(Vieira et al. 2022) as the primary accuracy metric, because it is invariant to 

diBerences in mean and variance and therefore suitable for assessing generalisability 

across age groups. In contrast, RMSE is sensitive to absolute group diBerences, and 

while expressing performance as percent improvement over a null predictor 

(%ΔRMSE) adjusts for variance, it remains aBected by mean shifts between groups. 

%ΔRMSE is therefore best viewed as a complementary measure, not a replacement 

for correlation: 

%ΔRMSE = 100	 × �1 −	
RMSE^_`M[
RMSELa[[

	�. 

Here, RMSEnull equals the standard deviation of the test target, i.e., the variability in 

cognition that a naïve mean predictor cannot reduce. Given the modest eBect sizes 

typical in brain-cognition prediction (S. R. Cox et al. 2019; Rasero et al. 2021; Schulz 

et al. 2024), absolute improvements in %ΔRMSE are expected to be small. Note that 

absolute accuracies are further reduced in our design because splitting the cohort 
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into younger and older halves reduces the training sample size by half, but this is 

necessary to evaluate age-dependent generalisability. For these reasons, we present 

correlation as the headline metric in the main text, while RMSE-based metrics are 

provided in the Supplementary Information for Chapter 4 for completeness. 

Results 

We assessed age-dependent diBerences in the relationship between brain structure 

and cognition by (i) testing associations between individual IDPs and cognition 

across age quartiles, and (ii) evaluating the generalisability of multivariate predictive 

models between age groups. 

Age moderates brain-cognition associations 

Using the quartile-stratified regression framework described in Methods, we 

compared IDP-cognition associations across age groups. This analysis revealed clear 

age-dependent patterns in the regression coeBicients linking brain structure to 

cognition. As shown in Figure 16a, certain IDPs exhibited distinct age-related 

patterns: for example, cortical thickness IDPs tend to show stronger negative 

coeBicients in the youngest quartile (indicated in blue) and stronger positive 

coeBicients in the oldest quartile (indicated by red). Figure 16b presents scatterplots 

comparing coeBicients between quartiles, highlighting the particularly low Pearson 

correlation between the youngest (Q1) and oldest (Q4) quartiles (r = 0.16). The 

variance of the cognitive outcome was similar across quartiles (SD ≈ 2.1-2.3; 

Supplementary Table S4, Supplementary Figure S7), and IDPs were standardised 
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within each quartile, confirming that coeBicient diBerences are not driven by unequal 

scaling. 

As a control analysis, we repeated the quartile-stratified regression without 

deconfounding for age (Supplementary Figure S8). In the absence of age 

deconfounding, regression coeBicients were dominated by shared age-related 

variance, yielding coeBicient patterns that were more consistent in sign and overall 

structure across quartiles than in the deconfounded analysis (Figure 16a). Without 

age deconfounding, structural IDPs can act as proxies for chronological age, such 

that apparent associations primarily reflect shared age dependence rather than 

diBerences in residual brain-cognition relationship. This control analysis supports 

using explicit age deconfounding to isolate age-dependent diBerences in residual 

brain-cognition associations. 

These patterns are further summarised in Supplementary Figure S9. 

Supplementary Figure S9a summarises the full coeBicient distributions across 

quartiles, illustrating both the systematic shift in medians and the increased 

variability in Q4. Supplementary Figure S9b shows Bland-Altman plots of Fisher-

transformed IDP-cognition correlations across quartile pairs, revealing larger 

between-quartile divergence for comparisons involving Q1 and Q4. 

We next asked whether the relative importance of diBerent brain features changed 

across age groups. To investigate this, we used the absolute value of the coeBicients 

as a proxy for feature importance and computed Spearman’s correlation between 

quartiles. Figure 16c shows the resulting heatmap, indicating that the most 

predictive IDPs in Q1 (i.e., the youngest subjects) diBer from those in older subjects. 
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Specifically, the correlations between Q1 and the other quartiles were particularly 

low (Q1 vs. Q2: rs = 0.15; Q1 vs. Q3: rs = 0.11; Q1 vs. Q4: rs = 0.11), further 

emphasising the weak resemblance between Q1 and the older age groups. The 

corresponding Pearson analysis is shown in Supplementary Figure S9c, showing the 

same pattern. 

Permutation testing of the IDP-cognition regression coeBicients produced 5,756 p-

values (1,439 IDPs × 4 quartiles). After Benjamini–Hochberg FDR correction across all 

IDP-quartile tests, no individual IDP exhibited a statistically significant diBerence in 

association across age quartiles. This pattern is consistent with the presence of weak 

and distributed associations rather than a small number of dominant features. 

Nevertheless, the largest age-moderation eBects were concentrated in comparisons 

between the youngest and oldest quartiles. Supplementary Figure S10 summarises 

IDP-level eBect sizes for 𝛽bc − 𝛽b% against permutation evidence (Supplementary 

Figure S10a), suggesting that these eBects are most consistently expressed in 

cortical thickness measures at the category level (Supplementary Figure S10b). 

We therefore next assessed whether age-dependent diBerences across quartiles 

were present at the population level, rather than at the level of individual IDPs, by 

testing for systematic deviations in the distribution of permutation p-values. 

Figure 16d shows the distributions of uncorrected permutation p-values across IDPs 

for each age quartile. These deviated from uniformity at the distributional level for the 

youngest and oldest quartiles (Q1: pKS < 0.001; Q4: pKS < 0.001), but not for the middle 

quartiles (Q2: pKS = 0.66; Q3: pKS = 0.09). This indicates that age-dependent 

diBerences are concentrated at the extremes of the age distribution.  
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To quantify this eBect at the distributional level, we applied two complementary 

global enrichment analyses (Supplementary Methods S3). First, Storey’s 𝜋@ 

estimates indicated a substantial excess of non-null eBects in Q1 (𝜋@= 0.81) and Q4 

(𝜋@ = 0.62), but not in Q2 (𝜋@ = 0.97) or Q3 (𝜋@= 0.99). Second, a permutation-based 

Fisher’s combined test confirmed strong global enrichment in Q1 and Q4 (both p < 1 

× 10-4), with no evidence of enrichment in Q2 or Q3. Together, these results indicate 

that age-dependent diBerences across quartiles are concentrated at the extremes of 

the age distribution and are detectable at the level of the IDP ensemble, even though 

individual IDPs do not survive multiple-comparison correction.  

In summary, beyond general age eBects, the overall pattern of structural IDP–

cognition associations diBered across age groups, with evidence concentrated at the 

extremes of the age distribution and apparent at the distributional level despite no 

single IDP surviving multiple-comparison correction. This supports our hypothesis 

that between-subject variations in brain structure associated with variations in 

cognition in older adults may be diBerent from those in younger adults. 
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Figure 16. (a) Heatmap of coefficients from the linear regression models predicting cognitive performance 
using each of the 1,439 IDPs individually. Each model estimated four quartile-specific IDP coefficients (x-
axis), shown across all 1,439 IDPs (y-axis), after fully deconfounding all age-related effects from both the 
IDPs and the cognitive outcome. Structural IDPs are grouped by category (Regional and Tissue Volume, 
Cortical Area, Cortical Thickness, Regional and Tissue Intensity, and Cortical Grey-White Contrast). Three 
T2-weighted MRI measures are included at the bottom of the heatmap but are not labelled separately due to 
their small number. (b) Scatterplots comparing quartile-specific IDP coefficients across age quartiles. Each 
scatterplot compares coefficients between two quartiles: (i) Q1 vs. Q2. (ii) Q1 vs. Q3. (iii) Q1 vs. Q4. (iv) Q2 
vs. Q3. (v) Q2 vs. Q4. (vi) Q3 vs. Q4. (c) Heatmap of Spearman’s correlations between the absolute values of 
all IDP coefficients across age quartiles. Darker shades indicate stronger positive correlations, highlighting the 
particularly low correlation between the youngest quartile (Q1) and the others. (d) Histograms of uncorrected 
p-values from permutation testing of the quartile-specific IDP-cognition regression coefficients, with one 
histogram per age quartile (each based on 1,439 IDPs, i.e. one p-value per IDP in that quartile). The red 
dashed lines mark the p = 0.05 threshold. Under the null hypothesis of no coefficient differences across age 
quartiles, each distribution would be uniform, and approximately 72 p-values (5% of 1,439) would fall below 
this threshold by chance. 

 

Age-specific models outperform pooled and cross-age generalisation 

Using the multivariate elastic net framework, we systematically compared the out-of-

sample prediction accuracy of the three training strategies: within-age-group, across-

age-group, and pooled models. This analysis revealed a clear and consistent 

a. b.

c. d.
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performance hierarchy, as shown in Figure 17a. Age-specific models achieved the 

highest accuracy (rWITHIN-AGE-GROUP = 0.095), significantly outperforming both pooled models 

(rPOOLED = 0.090; p = 0.003) and, most strongly, models trained on a diBerent age group 

(rACROSS-AGE-GROUP = 0.085; p = 0.003). Although these eBect sizes are modest, they were 

consistent and statistically reliable. Pooled models, trained on a mix of ages, oBered 

a robust intermediate performance, in turn proving more accurate than the across-

age-group models (p = 0.04). This consistent ordering (within-age-group > pooled > 

across-age-group) highlights the clear advantage of training models on data that is 

most representative of the test population.  

Consistent patterns were observed when accuracy was expressed as improvement 

over a null RMSE (%ΔRMSE; Supplementary Figure S11b; raw RMSE shown for 

completeness in Supplementary Figure S11a). Within-age-group models achieved 

the highest gains, followed closely by pooled models, while across-age-group models 

performed substantially worse. Absolute improvements were small (<1%) as 

expected given the modest eBect sizes typical in this domain. 
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Figure 17. Comparison of prediction performance across different training strategies when using 1,439 
structural IDPs to predict cognition. Models were evaluated using 10-fold cross-validation repeated 10 times, 
yielding 10 matched out-of-sample performance estimates shared across all training/testing regimes. Both the 
IDPs and cognitive trait were deconfounded for all confounds (including age-related terms). Prediction 
accuracy is measured as the Pearson correlation (r) between predicted and observed cognitive scores. (a) 
Mean prediction accuracy for three training/testing regimes: within-age-group (Train: Young, Test: Young; and 
Train: Old, Test: Old), across-age-group (Train: Young, Test: Old and Train: Old, Test: Young), and pooled 
training (Train: ALL, Test: Young; and Train: ALL, Test: Old). For each repetition, accuracy was averaged 
across the relevant train-test splits using Fisher’s z transformation. Bars show the mean across repetitions; 
error bars indicate the standard error of the mean. Statistical annotations indicate two-sided paired Wilcoxon 
signed-rank tests across repetitions with Benjamini-Hochberg FDR correction across planned contrasts 
(*p<0.05, **p<0.01). (b) Comparison of prediction accuracy across six training/testing splits, with models 
trained and tested on different age groups. Boxplots show the distribution across cross-validation repetitions. 

 

Younger-trained models generalise across age groups 

We next examined whether the observed eBects were symmetrical across age 

groups. Figure 17b shows that models trained on younger subjects consistently 

outperformed those trained on older subjects, regardless of the testing group. 

Although the gap was modest when predicting older subjects (rTR: Y; TE: O = 0.099 vs. rTR: O; TE: O 

= 0.090; p = 0.002; mean Δr = 0.008, 95% CI [0.007, 0.010]), the gap was more 

pronounced for younger subjects, where older-trained models were notably less 

accurate (rTR: Y; TE: Y = 0.100 vs. rTR: O; TE: Y = 0.070; p = 0.002; mean Δr = 0.029, 95% CI [0.026, 
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0.033] ; Supplementary Figure S12). This suggests that models trained on older 

subjects struggle to capture brain-cognition relationships relevant to younger 

individuals, whereas those trained on younger subjects remain predictive even for 

older individuals. 

Figure 17b further shows that the eBect of training strategy depended on the test 

group. For younger subjects, within-age-group models achieved the highest accuracy, 

outperforming both pooled (rTR: Y; TE: Y = 0.100 vs. rTR: ALL; TE: Y = 0.089) and across-age-group 

models (rTR: Y; TE: Y = 0.100 vs. rTR: O; TE: Y = 0.070; p = 0.002). For older subjects, performance 

was more similar across conditions: within-age-group and pooled models performed 

comparably (rTR: O; TE: O = 0.090 vs. rTR: ALL; TE: O = 0.091; p = 1.00), while younger-trained 

models outperformed pooled models (rTR: Y; TE: O = 0.099 vs. rTR: ALL; TE: O = 0.091). Importantly, 

the correlation-based pattern was robust to alternative, more conservative cognitive 

composite construction strategies, including independent trait selection and a 

composite built from all traits with high coverage (Supplementary Figure S6). 

RMSE-based accuracy metrics are provided in Supplementary Figures S11c and 

S11d. These broadly supported the correlation-based findings, while also illustrating 

how between-group variance diBerences can aBect RMSE-based measures. 

Overall, these results demonstrate a key asymmetry in generalisation, where brain-

cognition patterns from a younger population serve as a more generalisable model, 

while patterns unique to an older population do not. These analyses highlight a trade-

oB between model generalisability and age-group specificity. 



 

 143 

Older-trained models favour stronger regularisation 

To better understand these performance diBerences, we examined the models’ 

hyperparameters. As shown in Figure 18a, models trained on older subjects 

consistently selected higher levels of regularisation (α) than those trained on the full 

population, both when tested on younger subjects (𝛼TR: O; TE: Y = 7.87 vs. 𝛼TR: ALL; TE: Y = 4.97) 

and on older subjects (𝛼TR: O; TE: O = 8.40 vs. 𝛼TR: ALL; TE: O = 5.17). By contrast, models trained 

on younger subjects used lower levels of regularisation, closer to pooled models (𝛼TR: Y; 

TE: O = 5.00; 𝛼TR: Y; TE: Y = 6.20).  

These results suggest that models trained on older subjects tend to select stronger 

regularisation to avoid overfitting, consistent with higher noise levels or greater inter-

subject variability in this group. Models trained on younger subjects, or on pooled 

samples that include younger individuals, require less regularisation, which may 

explain why pooled models perform comparably to those trained only on older 

subjects. Although including younger subjects in pooled models may introduce 

distributional bias when testing on older subjects, their lower noise levels reduce the 

need for regularisation and help preserve predictive signal. 

An analogous analysis of the elastic-net mixing parameter (ρ; equivalent to the L1 

ratio in scikit-learn) is provided in Supplementary Figure S13. Age-specific models 

(Train: Young and Train: Old) consistently selected ridge-like solutions (L1 ratio ≈ 0, 

i.e. favouring shrinkage of all coeBicients rather than sparsity), whereas pooled 

models showed small but non-zero L1 ratios (0 to 0.25). This indicates that the 

principal diBerence across training strategies lies in the strength of regularisation (α), 

rather than in the balance between L1 and L2 penalties. 
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Figure 18b shows that models trained on older subjects had consistently smaller 

mean absolute regression coeBicients across IDP categories, relative to younger-

trained models. The largest relative reductions were observed in Regional and Tissue 

Volume (31.7% across 646 IDPs), Cortical Area (26.5% across 372 IDPs), and Cortical 

Thickness (22.9% across 306 IDPs). Smaller but consistent reductions appeared in 

Regional and Tissue Intensity (19.8% across 41 IDPs) and Cortical Grey-White 

Contrast (16.9% across 70 IDPs). Given the larger number of IDPs in the first three 

categories, these reductions are likely to have the greatest impact on model 

performance. Pooled training produced intermediate values across all categories, 

consistent with the idea that including a broader age range stabilises coeBicient 

estimates by averaging over age-specific variability. 
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Figure 18. Overview of model regularisation and feature importance across training strategies. (a) 
Comparison of elastic net regularisation strength and model accuracy. The top panel shows mean prediction 
accuracy across cross-validation repetitions (numbers above bars indicate the mean r). The bottom panel 
shows the regularisation strength (α) per cross-validation repetition (× = individual folds; ● = mean across 10 
folds). Hyperparameters were determined via nested cross-validation, with the inner loop selecting the optimal 
α. (b) Stacked bar plot showing the mean absolute values of regression coefficients, averaged across IDPs 
within each structural category, for the three training approaches. 

Discussion 

Accounting for the influence of age is essential when studying brain-cognition 

relationships. While the standard approach is to remove age as a confound, we 

suggest it is more appropriate to treat age as a moderator, finding that the statistical 

links between brain structure and cognition vary significantly across the lifespan. 

Importantly, we use “moderation” broadly to refer to age-dependent reorganisation of 

brain-cognition relationships, which is not necessarily well captured by the orthodox 

approach of fitting a single linear age × IDP interaction term. 

Although absolute prediction accuracies were modest (r ≈ 0.07-0.10), they are 

consistent with prior large-sample neuroimaging studies after accounting for sample 

size and deconfounding (S. R. Cox et al. 2019; Rasero et al. 2021; Schulz et al. 2024). 

Our focus was not maximising absolute accuracy, but assessing whether the brain-

cognition relationships generalise across age groups. This question revealed clear 

age-dependent diBerences in generalisability. 

A key design choice was to treat age as a confound and regress out direct age eBects 

to avoid results being driven by shared age dependence in IDPs and cognition. We 

then test whether the residual brain-cognition mapping diBers across age groups 

using stratified and cross-age generalisation analyses. In control analyses without 

age deconfounding, associations largely track chronological age (i.e., IDPs act as 

proxies for age), making age-group diBerences harder to detect. 
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Age-dependent reorganisation of brain-cognition associations 

The quartile-based univariate analyses indicate that brain-cognition relationships 

diBer across the adult lifespan. CoeBicients and feature-importance rankings 

showed only modest agreement across quartiles, with the weakest consistency at 

the extremes of the age distribution. The overall signal was weak and distributed 

rather than driven by a small set of dominant IDPs, and sign reversals in some feature 

classes (e.g., cortical thickness) suggest that the structural correlates of cognition 

shift with age, potentially reflecting greater heterogeneity in ageing-related processes 

later in life. Together, these findings provide a univariate perspective on why cross-

age prediction may not transfer uniformly between age groups. 

Generalisation asymmetry and its link to age-related variability 

Previous studies have reported age-related diBerences in prediction generalisability 

(Yu and Fischer 2022); we extend this in UKB using an age-stratified generalisation 

framework. We observed an asymmetry in how predictive models generalise across 

age. Models trained on younger subjects generalised well to older subjects, likely 

capturing foundational brain-cognition relationships that remain stable with age. In 

contrast, models trained on older subjects generalised poorly to younger individuals. 

Our analysis of the model's hyperparameters suggests one possible reason for this 

asymmetry. Older-trained models consistently selected stronger regularisation to 

prevent overfitting, which is consistent with higher noise levels (Nomi et al. 2024) or 

greater inter-subject variability in this group. Including younger subjects, as in the 

pooled models, appears to stabilise coeBicients by reducing this need for high 
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regularisation. This suggests that the brain-cognition relationship in older age is 

complicated by additional sources of variance—such as diBerential 

neurodegeneration or comorbidities—making it harder to learn a pattern that 

generalises back to the more homogeneous younger population. Consistent with 

this, within-age-group models performed better than across-age-group models. This 

highlights the benefit of training on data matched to the test set distribution. 

Practically, this suggests a trade-oB between specialisation and robustness: age-

specific models can maximise within-group accuracy but may be unstable out-of-

distribution, especially when trained on older participants. By contrast, pooled 

training provides more consistent generalisation across age groups, and may be 

preferable for heterogeneous cohorts or when the target age range is uncertain. 

Limitations and next steps 

We concentrated on structural IDPs for their robust age trends, high test-retest 

reliability, larger UKB sample coverage than fMRI, and reduced sensitivity to age-

related motion. However, functional connectivity can yield higher prediction 

accuracy (Ooi et al. 2022; Soch et al. 2022). 

In this work, we focused on the first principal component derived from cognitive 

traits. However, cognition comprises multiple subdomains, and age may influence 

structure–cognition associations diBerently across domains (Van Petten 2004; Yuan 

and Raz 2014; Cacciaglia et al. 2018). An important next step is to repeat these 

analyses using domain-specific composites to test the generality of the age-stratified 

patterns. 
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Poorer generalisation in older-trained models may partly reflect the higher prevalence 

of age-related comorbidities (e.g., hypertension, diabetes, cardiac disease), which 

can aBect brain structure (Simon R. Cox et al. 2019). Robustness could be assessed 

by restricting analyses to healthier participants and/or adjusting for these conditions. 

In addition, future work could account for global or regional atrophy (e.g., total grey 

matter volume or regional volume measures) and explicitly quantify how much of the 

age-dependent association is mediated by atrophy versus residual variance beyond 

atrophy, helping distinguish decline-related from non-decline-related eBects. 

Finally, UKB spans mid-life to older adulthood, so we cannot test whether the same 

age-stratified patterns emerge in younger adults or other typically developing 

cohorts. With the increasing availability of datasets that include younger age ranges 

(e.g., HCP-YA), future studies could apply the same framework to earlier stages of the 

lifespan to test whether similar cross-age generalisation patterns are observed. 

Alongside broader age coverage, continuous age-varying coeBicient models could 

capture nonlinear eBects more precisely and help identify specific ages at which 

brain-cognition relationships change, and could be combined with stronger confound 

control (e.g., propensity score matching; Rosenbaum and Rubin 1983) to improve 

robustness (Power et al. 2012). 

Summary 

This work demonstrates that the link between brain structure and cognition is not 

fixed but changes across the adult lifespan. A central finding was an asymmetry in 

generalisability: models trained on younger subjects predicted cognition in older 

individuals, whereas models trained on older subjects did not generalise to younger 
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individuals. This reveals an important trade-oB for researchers and clinicians building 

predictive models, and the optimal approach depends directly on the intended goal. 

For example, in situations requiring high accuracy within a specific target group (e.g., 

clinical diagnostics), an age-specific model may be preferable. However, in situations 

requiring a model to generalise reliably across a diverse, mixed-age population, a 

pooled model trained on all ages provides more stable and broadly applicable 

predictions. Recognising this trade-oB is essential for improving prediction models in 

both research and clinical settings, ensuring that predictions are optimal for the 

intended population. 

Supplementary Information for Chapter 4 

Supplementary Methods 

Supplementary Methods S1: Construction of the composite cognitive measure 

S1.1 Trait screening and selection 

In brief, we (i) filtered traits by coverage, (ii) ranked remaining traits by cross-validated 

brain-cognition predictability, (iii) selected the top 30 based on an inflection in the 

ranked curve, and (iv) used the first principal component (PC1) from these traits as 

the composite target (Supplementary Figure S5). 

We constructed a composite cognitive target to improve predictive stability and 

statistical power relative to individual cognitive measures. We excluded cognitive 

traits with >50% missing responses (i.e., <50% coverage). For each remaining trait, we 

assessed predictability by fitting elastic net regression models using all 1,439 
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structural IDPs as predictors and evaluating out-of-sample performance via cross-

validation. Traits were then ranked by their cross-validated brain–cognition 

correlation. 

Inspection of the ranked correlation curve revealed a clear inflection around rank 

≈30, beyond which predictive performance dropped sharply (Supplementary Figure 

S5a,b). We therefore selected the top 30 traits as candidate targets. This threshold 

balances retaining traits with meaningful brain-cognition signal while avoiding the 

inclusion of poorly predicted measures that would add noise and reduce power. The 

resulting trait set spans a broad range of UK Biobank cognitive measures 

(Supplementary Table S5). Pairwise correlations among these traits indicate limited 

redundancy, with many trait pairs only weakly correlated (Supplementary Figure 

S5c), suggesting that the set captures multiple cognitive dimensions rather than a 

single narrow construct. 

S1.2 Composite construction 

To summarise shared variance across the selected traits and further stabilise 

prediction, we derived a composite cognitive score by applying principal component 

analysis (PCA) to the 30 selected traits. All traits were standardised prior to PCA. The 

first principal component was retained as the composite cognitive measure, as it 

captured the largest proportion of shared variance and achieved higher predictive 

accuracy than any individual trait (Supplementary Figure S5d). This composite 

therefore provides a more robust and informative target for prediction analyses than 

single cognitive measures. 
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While conceptually related to general intelligence (g-factor), this composite diBers in 

that it is derived only from traits that are demonstrably predictable from brain 

structure, rather than from the full set of available cognitive measures. 

S1.3 Cross-validation and leakage considerations 

Trait selection was performed once, outside the main cross-validated modelling 

framework, using all available subjects. This choice was made to ensure consistency 

of the cognitive target across models and to avoid the substantial computational 

burden and interpretational complexity that would arise from re-selecting traits 

within each cross-validation fold. This can modestly inflate absolute prediction 

accuracy (which we address via the sensitivity analyses in Supplementary Figure S6) 

but is unlikely to materially aBect comparisons across training/testing strategies 

because the same fixed target is used for all models. Importantly, trait selection did 

not involve age stratification or age-dependent modelling and therefore did not 

condition on age group. 

All subsequent modelling steps were performed within cross-validation folds to 

prevent information leakage. Specifically, deconfounding parameters and PCA 

loadings were estimated on training data and applied to held-out data, and predictive 

models were fit on training data and evaluated on held-out subjects. As a result, 

while the identity of the selected traits was fixed, the composite scores (PC1) and all 

predictive evaluations were computed strictly out-of-sample.  
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Supplementary Methods S2: Permutation testing of age-moderated e,ects 

To test whether IDP-cognition associations diBered across age quartiles, we used a 

permutation-based inference procedure applied to the quartile-stratified univariate 

regression coeBicients. 

For each IDP 𝑖, the quartile-based regression yielded four IDP coeBicients 𝛽&,%, … , 𝛽&,c, 

corresponding to age quartiles Q1-Q4. For each quartile 𝑘, we defined a contrast 

statistic 

𝐷&,! =∣ 𝛽&,! −
1
3 f 𝛽&,!$
!$d!

∣, 

which quantifies the deviation of the quartile-specific association from the average 

association in the remaining three quartiles. This statistic is symmetric across 

quartiles and equals zero under the null hypothesis of identical coeBicients across 

age groups. 

Null distributions for 𝐷&,!  were generated by randomly permuting subjects’ age-

quartile assignments (i.e., permuting quartile labels across subjects, equivalently 

shuBling group membership, which preserves the sample size in each quartile) while 

keeping all other aspects of the model fixed. This procedure was repeated 10,000 

times per IDP, yielding a permutation distribution for each quartile-specific contrast. 

Permutation p-values were computed as 

𝑝&,! =
1 + ∑ 𝕀5

)6% ®𝐷&,!
()) ≥ 𝐷&,! °

𝑁 + 1 , 

where 𝑁 = 10,000, and the +1 correction prevents zero p-values. 
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Under the null hypothesis of no age-dependent diBerences in brain-cognition 

associations, these p-values are expected to follow a uniform distribution. Deviations 

from uniformity across IDPs therefore indicate systematic age moderation at the 

population level.  
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Supplementary Methods S3: Global enrichment analyses 

Because stringent multiple-comparison correction can limit sensitivity when testing 

large numbers of features, we additionally assessed evidence for age-moderated 

eBects at the population level using three complementary global enrichment 

analyses applied to the permutation-derived p-values from the quartile-based 

permutation tests described in Supplementary Methods S2. 

S3.1 Kolmogorov-Smirnov test for p-value uniformity 

To assess whether permutation-derived p-values deviated from the Uniform(0,1) 

distribution expected under the global null hypothesis, we applied a Kolmogorov-

Smirnov (KS) test separately within each age quartile. The KS test compares the 

empirical cumulative distribution function of observed p-values to the theoretical 

uniform distribution and provides a sensitive diagnostic of population-level deviation 

from the global null. Significant deviations from uniformity indicate systematic 

deviation from the global null across IDPs, consistent with age-dependent eBects 

across IDPs. 

S3.2 Storey’s π₀ estimation 

To estimate the proportion of IDPs exhibiting non-null age-moderated eBects, we 

applied Storey’s method to the permutation p-values within each age quartile (Storey 

2002). This approach models the observed p-value distribution as a mixture of a 

uniform null component and a non-null component, yielding an estimate of 𝜋@, the 

proportion of true null hypotheses. Lower values of 𝜋@ indicate greater enrichment of 

non-null eBects. For a tuning parameter λ, we estimated 
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𝜋B@(𝜆) =
#{𝑝& > 𝜆	}
𝑚(1 − 𝜆) . 

Here 𝑝&  denotes the permutation p-value for IDP 𝑖 and 𝑚 is the number of IDPs. We 

evaluated a high-𝜆 grid 𝜆 ∈ [0.5, 0.9] and retained a stable estimate (Storey and 

Tibshirani 2003). 

S3.3 Permutation-based Fisher global test 

As a complementary analysis, we assessed global enrichment using Fisher’s method 

to combine p-values across IDPs within each age quartile (Fisher, 1970). This analysis 

tests the global null hypothesis that all IDP-quartile associations are null, and does 

not aim to identify individual non-null IDPs. For each quartile, the Fisher statistic was 

computed as 

𝑆 = −2flog	(
+

&6%

𝑝&), 

where 𝑝&  denotes the permutation p-value for IDP 𝑖, and 𝑚 = 1,439. 

To account for dependence among IDPs, statistical significance was assessed using 

permutation-based inference rather than the theoretical chi-squared distribution 

(Nichols and Holmes 2002). Specifically, for each permutation we recomputed the 

Fisher statistic using the set of p-values obtained under that permutation, yielding an 

empirical null distribution for 𝑆. The global p-value was defined as the proportion of 

permutations in which the permuted Fisher statistic exceeded the observed value, 

using a +1 correction to avoid zero p-values. 
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Together, these global enrichment analyses provide complementary population-level 

evidence for age-moderated brain-cognition associations, even in the absence of 

individually significant IDPs after multiple-comparison correction.  
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Supplementary Figures 

Supplementary Figure S1 shows an audit of missing structural IDPs. The number of 

missing structural IDPs per subject showed only weak associations with age (Pearson 

r = 0.034) and cognition (Pearson r = 0.025). When stratified by age quartiles, median 

missingness was stable (Q1-Q3: median 2 missing IDPs; Q4: median 3). Although the 

proportion of participants with any missing IDP was modestly higher in the oldest 

quartile (84.5% vs 76.5-79.6%), this reflects small increases in low-level missingness 

rather than substantial diBerences in missing data burden. Given the large sample 

size, these eBects are statistically detectable but small in magnitude. 

 

Figure S1. Distribution of missing values across structural imaging-derived phenotypes (IDPs). Shown is the 
percentage of missing values per IDP, grouped by structural category and ordered within each category by 
increasing missingness. Each point along the curves corresponds to a single IDP. Missingness is low overall 
and distributed across structural categories, with no single category dominating missing data.   
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Figure S2. Histogram of participant age distributions, divided into quartiles. Each colour-coded section 
corresponds to one of the four age quartiles used in the analysis (Q1: youngest, Q4: oldest). Vertical dashed 
lines indicate the boundaries between quartiles.  
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Figure S3. Histogram of age distributions in UKB subjects, split by sex within each age group. Both younger 
and older halves contain approximately equal numbers of males and females, with similar age distributions 
across sexes. This confirms that observed effects are unlikely to be driven by imbalanced age-sex sampling.  
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Figure S4. Incremental variance explained by age-related confounds across structural IDPs. For each IDP, 
we computed the increase in variance explained when adding age-related terms to the confound model (ΔR² 
= R²_full − R²_non-age), where the “full” model includes age-related confounds and the “non-age” model 
includes all other confounds only. The distribution is right-skewed: for most IDPs, age-related terms explain 
only a small additional proportion of variance, with a minority of IDPs showing larger incremental age-related 
contributions.   



 

 161 

Supplementary Figure S5 summarises the trait-selection and PCA steps used to 

construct the composite cognitive target (Supplementary Methods S1). 

 

 

Figure S5. Selection and reduction of cognitive traits for prediction analyses. (a) Empirical cumulative 
distribution function (ECDF) of cross-validated brain-cognition correlations for all cognitive traits meeting the 
coverage criterion (≥50% valid responses per trait); the dashed line marks the 30th-highest correlation. (b) 
Ranked plot of individual trait correlations (rank 1 = highest). The dashed line indicates rank 30; horizontal 
lines show mean correlations for ranks 1-30 and 31-100. (c) Pairwise correlation matrix of the top 30 traits, 
showing limited redundancy across the set. (d) Predictive accuracy (cross-validated r) for the top 30 individual 
traits (blue) compared with the first principal component (PC1; red) computed from these traits. PC1 achieves 
higher accuracy and is used as the final cognitive score.  
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Supplementary Figure S6 shows sensitivity analyses for cognitive composite 

construction. In the main analyses, we constructed a composite cognitive target by 

selecting the 30 cognitive traits most predictable from structural IDPs and then 

applying PCA to those traits. Because this selection was performed using the full 

dataset, it may modestly inflate absolute prediction accuracy. To test whether our 

conclusions depend on this choice, we ran two sensitivity analyses (Supplementary 

Figure S6): (i) selecting traits using an independent 30% subset (age-stratified) and 

evaluating models on the remaining 70% (panel a), and (ii) constructing a composite 

without trait selection by applying PCA to all cognitive traits with ≥90% coverage 

(panel b). In both cases, the qualitative pattern is preserved: within-age-group 

models outperform across-age-group models, and models trained on younger 

participants generalise better to older participants than vice versa. 

 

 
Figure S6. Sensitivity analyses for cognitive composite construction. (a) Trait selection was performed 
on an independent 30% subset of the cohort (age-stratified), and all models were trained and evaluated on 
the remaining 70% of participants using the same prediction framework as the main analysis. (b) A non-
selective composite target was constructed by retaining all cognitive traits with ≥90% coverage and combining 
them using PCA without trait selection. Across both analyses, the qualitative ordering of training strategies 
matches the main results (within-age-group > pooled > across-age-group), and younger-trained models 
generalise better to older participants than the reverse.  
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Supplementary Figure S7 shows the distribution of the composite cognitive score 

across age quartiles. The spread of scores is similar across groups (SD»2.09-2.31; 

Table S4), suggesting that between-quartile coeBicient diBerences are unlikely to be 

driven by unequal outcome variance. 

 

Figure S7. Distribution of the composite cognitive measure across age quartiles. Violin plots show the 
composite cognitive score (PC1 of the 30 selected traits) within each age quartile (Q1–Q4). Although the 
location of the distributions shifts across quartiles, their dispersion is comparable (SD: Q1 = 2.09, Q2 = 2.13, 
Q3 = 2.24, Q4 = 2.31; Table S4), indicating that quartile-specific coefficient differences are not explained by 
large differences in target variance. The sign of PC1 is arbitrary, so the direction of the mean shift reflects the 
chosen orientation of the component rather than an absolute scale.  
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Supplementary Figure S8 shows the quartile-stratified IDP-cognition coeBicients 

without age deconfounding. Because brain structure and cognition both vary strongly 

with age, omitting age terms allows shared age dependence to dominate the 

coeBicients, making patterns appear broadly similar across quartiles. By contrast, 

when age (and age-related terms) is regressed from both IDPs and cognition, the 

remaining coeBicients better reflect age-dependent diBerences in the residual brain-

cognition association, rather than trivial age-proxy eBects. 

 

 

Figure S8. Effect of omitting age deconfounding on quartile-stratified coefficients. Heatmap of quartile-specific 
regression coefficients linking each structural IDP to cognition without regressing out age-related variance. 
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Columns correspond to age quartiles (Q1-Q4); rows show all 1,439 IDPs grouped by category. Compared 
with the age-deconfounded coefficients (Figure 2a), patterns here are dominated by shared age dependence 
and are therefore broadly similar across quartiles, consistent with structural IDPs acting as proxies for 
chronological age rather than reflecting age-dependent differences in residual brain-cognition associations.
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Figure S9. Summary of how the relationship between structural IDPs and cognition varies across age 
quartiles. (a) Violin plots showing the distribution of regression coefficients across 1,439 IDPs for each age 
quartile (Q1-Q4), from youngest to oldest. (b) Bland-Altman plots comparing Fisher-transformed IDP-cognition 
correlations across pairs of age quartiles. Each plot shows the difference in correlation (y-axis) against the 
average correlation (x-axis). Mean differences and 95% limits of agreement are shown with dashed lines. (c) 
Heatmap of Pearson correlations between the absolute values of IDP coefficients across quartiles. Q1 shows 
particularly low correlation with the other age groups, reinforcing age-specificity in structure-cognition links. (d) 
Parametric vs permutation inference agreement. Scatter plots compare -log10 parametric p-values and 
permutation-based p-values for quartile contrast tests (Q1-Q4 vs the mean of the remaining quartiles) across 
all structural IDPs. The dashed line indicates the identity line. High Spearman and Pearson correlations 
across all contrasts indicate near-monotonic agreement between parametric and permutation inference, with 
deviations confined to the most extreme tail.  
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Figure S10. Age-moderation effects between the youngest and oldest age quartiles across structural IDPs 
and IDP categories. (a) Volcano plot showing age-moderation effect size for each structural IDP, quantified as 
the difference in regression coefficients between the oldest and youngest age quartiles (βQ4 − βQ1), plotted 
against permutation-based significance (−log₁₀ permutation p-value) for the Q4 contrast. Each point 
corresponds to one IDP and is coloured by IDP category. The vertical dashed line indicates no difference 
between quartiles, and the horizontal dashed line corresponds to an uncorrected permutation threshold of p = 
0.05. This panel illustrates the joint distribution of effect sizes and permutation evidence, highlighting that the 
strongest age-dependent effects are primarily driven by cortical thickness measures. (b) Distribution of age-
moderation effect sizes (βQ4 − βQ1) summarised at the category level using violin plots with overlaid 
boxplots. The dashed horizontal line denotes zero, indicating no difference between age quartiles. Cortical 
thickness IDPs show a systematic positive shift, whereas cortical area IDPs tend to show weaker or negative 
shifts, consistent with category-specific patterns of age moderation. 
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Supplementary Figure S11 shows model performance expressed using RMSE-based 

metrics. For transparency, we first report raw RMSE values (Figure S11a). As 

expected, across-age-group models show the largest errors, but pooled training 

yields slightly lower RMSE than within-age-group training. However, RMSE alone does 

not account for diBerences in target variance across test groups, making direct 

comparisons less meaningful. To address this, we also computed accuracy as 

percent improvement over a null predictor (%ΔRMSE; Figure S11b), which 

normalises error relative to the baseline variability of each group. Using this variance-

adjusted metric, the ranking matches that observed with correlation: within-age-

group > pooled > across-age-group. The gap between within and pooled models is 

small, whereas both clearly outperform across-age-group models. Consistent with 

modest eBect sizes in brain-cognition prediction, absolute improvements were small 

(< 1%). 

Figure S11c and S11d extend these analyses to the full set of training/testing 

combinations. Here, raw RMSE values show that the largest errors occur for Train: 

Young; Test: Old, consistent with the greater diBiculty of generalising from younger to 

older subjects. By contrast, Train: Old; Test: Young produces relatively low RMSE 

despite performing poorly in correlation, likely reflecting diBerences in variance 

between test groups. To account for this, we also report %ΔRMSE (Figure S11d). This 

variance-adjusted measure preserves the broad ordering of within-age-group > 

pooled > across-age-group but highlights that Train: Young; Test: Old achieves only 

modest improvement despite good correlation. This illustrates that Pearson 
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correlation (r) can remain high even when predictions are under-dispersed, whereas 

RMSE-based metrics penalise this shrinkage, leading to weaker %ΔRMSE gains. 

 

Figure S11. Model performance expressed using RMSE-based metrics. (a) Raw RMSE values for within-age-
group, pooled, and across-age-group models. (b) Accuracy expressed as percent improvement over a null 
predictor (%ΔRMSE), where the null predictor is the mean cognition score in the test set. (c) Raw RMSE 
values for all training/testing combinations. (d) Corresponding %ΔRMSE values.  
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Figure S12. Paired differences in prediction accuracy (Δr, Pearson correlation) across matched cross-
validation repetitions comparing young-trained versus old-trained models within each test group. Left: Test 
Young contrast (Y→Y − O→Y). Right: Test Old contrast (Y→O − O→O). Each point represents one repetition; 
black markers show the mean paired difference and vertical bars indicate 95% bootstrap confidence intervals 
across repetitions. Positive values indicate higher accuracy for young-trained models.  
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Supplementary Figure S13 shows levels of elastic-net regularisation across training 

and testing strategies. Elastic net is a widely used approach in neuroimaging 

prediction studies because it balances shrinkage and sparsity in the presence of 

many correlated features (Shen et al. 2011; Pervaiz et al. 2020; Farahibozorg et al. 

2021; Roibu et al. 2023). We used elastic net here with both α and L1 ratio selected by 

nested cross-validation. In the age-specific models (Train: Young and Train: Old), the 

mixing parameter was consistently near zero, indicating ridge-like behaviour. This 

shows that diBerences between age-specific training strategies are driven primarily 

by the strength of regularisation (α), not by a shift toward sparse solutions. Pooled 

models (Train: ALL) selected slightly higher but still small L1 ratios (0-0.25), which 

may reflect the presence of features that are predictive in only one age group and are 

therefore pruned when training on the combined population. In line with prior work, 

we treat elastic net as a predictive tool rather than an inferential model. Accordingly, 

we do not interpret individual coeBicients but instead focus on broad diBerences 

across training strategies and IDP categories. 
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Figure S13. Elastic net mixing parameter (L1 ratio) across training strategies. Top: Prediction accuracy (r) 
sorted within each training (numbers above bars indicate the mean r). Bottom: L1 ratio selected by nested 
cross-validation for each repetition (× = individual folds; ● = mean across 10 folds). Age-specific models 
(Train: Young and Train: Old) clustered near L1 ratio ≈ 0, whereas pooled models (Train: ALL) consistently 
selected small but non-zero values. Shaded panels indicate the six training and testing conditions.  
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Supplementary Tables 

Table S1. Summary of confound groups used in the analysis, along with the number of variables in each 
group (n = 562). 

Confound 
no. 

Confounds Group Number of Confounds 

1 Age 3 

2 Sex 3 

3 Age by Sex 3 

4 Head Size 3 

5 Site 2 

6 Batch 16 

7 Protocol 7 

8 Service Pack 1 

9 Freesurfer T2 3 

10 Scaling 9 
11 Echo Time 6 

12 Structural Motion 3 

13 Table Position 12 

14 Nonlinear Registration 134 

15 Crossed Terms 216 

16 Acquisition Time 59 

17 Acquisition Date 82 
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Table S2. List of the 17 essential confounds used in the primary deconfounding model. 

Confound 
no. 

Essential Confound Name 

1 Age at Site 1 

2 Age at Site 2  

3 Age at Site 3  

4 Age by Sex at Site 1 

5 Age by Sex at Site 2  

6 Age by Sex at Site 3  
7 Sex at Site 1  

8 Sex at Site 2  

9 Sex at Site 3  

10 Site 1 vs Site 2 

11 Site 1 vs Site 3  

12 Head Size at Site 1 

13 Head Size at Site 2  

14 Head Size at Site 3  

15 Head Motion at Site 1 

16 Head Motion at Site 2 

17 Head Motion at Site 3  
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Table S3. Variance explained by confounds and incremental age-related variance (ΔR²). R² values quantify 
the variance explained in the cognitive composite (PC1) by (i) a non-age confound set and (ii) a full confound 
set that additionally includes age-related terms (ordinary least squares with an intercept). The incremental 
age-related contribution is reported as ΔR² = R²(full) − R²(non-age). For structural IDPs, the table summarises 
the distribution of ΔR² across the 1,439 IDPs (median and selected percentiles). Values are computed on the 
final analysis sample (N = 25,170; after excluding participants with missing age or any of the 30 cognitive 
traits); missing IDP values were mean-imputed prior to computing R². 

  

Metric Value 

Cognitive composite (PC1)  

R² explained by non-age confounds 0.063 

R² explained by full confounds 0.220 

ΔR² (age-related part; full − non-age) 0.157 
  

Structural IDPs: distribution of ΔR² across features  

Median ΔR² 0.018 

25th percentile (p25) ΔR² 0.006 

75th percentile (p75) ΔR² 0.044 

95th percentile (p95) ΔR² 0.112 

Maximum ΔR² 0.269 
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Table S4. Distribution of the composite cognitive measure (i.e., the first PC of the top 30 cognitive traits; PC1) 
across age quartiles. Shown are the mean cognition score, standard deviation (SD) of cognition scores, and 
approximate age ranges for each quartile. While means increase systematically with age, SDs remain similar 
(»2.1-2.3), indicating that differences in coefficients between quartiles are not driven by unequal outcome 
variance. 

  Quartile Mean SD Age range 

Q1 -1.51 2.09 ≤ 58.3 

Q2 -0.55 2.13 58.3-64.0 
Q3 0.49 2.24 64.0-69.7 

Q4 1.64 2.31 > 69.7 
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Table S5. Top 30 UK Biobank cognitive traits used to construct the composite cognitive measure, with 
variable names and corresponding Field IDs. 

Var. 
no. 

Column Header UKB Field ID 

1 Duration spent answering each puzzle (2.0) 6333 

2 Duration spent answering each puzzle (2.1) 6333 

3 Duration spent answering each puzzle (2.4) 6333 

4 Duration spent answering each puzzle (2.7) 6333 

5 Duration to complete alphanumeric path (trail #2) (2.0) 20157 

6 Duration to complete numeric path (trail #1) (2.0) 20156 

7 Duration to entering symbol choice (2.11) 6325 

8 Duration to entering symbol choice (2.16) 6325 

9 Duration to entering symbol choice (2.20) 6325 

10 Duration to entering symbol choice (2.22) 6325 

11 Duration to entering symbol choice (2.24) 6325 

12 Duration to entering symbol choice (2.4) 6325 

13 Duration to entering symbol choice (2.8) 6325 

14 Duration to first press of snap-button in each round (0.5) 404 

15 Duration to first press of snap-button in each round (0.7) 404 

16 Duration to first press of snap-button in each round (2.10) 404 

17 Duration to first press of snap-button in each round (2.11) 404 

18 Duration to first press of snap-button in each round (2.5) 404 

19 Duration to first press of snap-button in each round (2.7) 404 

20 Fluid intelligence score (2.0) 20016 

21 Mean time to correctly identify matches (0.0) 20023 

22 Mean time to correctly identify matches (2.0) 20023 

23 Number of puzzles attempted (2.0) 6374 

24 Number of puzzles correct (2.0) 20760 

25 Number of puzzles correctly solved (2.0) 6373 

26 Number of symbol digit matches attempted (2.0) 23323 

27 Number of symbol digit matches made correctly (2.0) 23324 

28 Number of word pairs correctly associated (2.0) 
 

20197 

29 Time to complete round (0.2) 
 

400 

30 Time to complete round (2.2) 400 
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Chapter 5. General Discussion 

This thesis examined how neuroimaging models can be used to study individual 

diBerences in cognition and behaviour, with a particular focus on what can be 

learned from their predictive performance across both functional and structural 

imaging settings. The central issue was not only whether these models could support 

out-of-sample prediction, but also what information in the data was driving their 

predictions, how robust their conclusions were to modelling choices, and how far 

those conclusions generalised across subjects and populations. Across the 

empirical chapters, several common themes emerge about prediction, 

interpretation, and generalisation. 

Overall, the chapters suggest that neuroimaging data do contain useful predictive 

information about individual diBerences, but that the meaning of this signal depends 

strongly on how the data are represented, how models are specified and evaluated, 

and which population the model is intended to describe. Prediction is valuable not 

only as a performance target, but also as a form of external validation of whether a 

given brain representation carries subject-level information that generalises beyond 

the sample in which it was estimated. At the same time, predictive success does not 

by itself establish the underlying mechanism or tell us exactly how the signal should 

be interpreted. A main conclusion of the thesis is therefore that predictive 

neuroimaging is most informative when accuracy is considered alongside 

representation, robustness, and generalisation, rather than being treated as enough 

on its own. 
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One consistent theme across the thesis is that conclusions depend not only on the 

data themselves, but also on the modelling choices used to represent and analyse 

them. DiBerent reasonable choices can produce diBerent predictions, emphasise 

diBerent aspects of the signal, or lead to diBerent conclusions from the same data, 

and this makes model variability scientifically important, rather than just a technical 

complication. The stacking analyses highlighted one side of this more clearly by 

showing that variation across model estimations and parameterisations can 

sometimes contain complementary information, rather than simply reflecting noise 

to be averaged away. At the same time, such variability should not be treated as 

meaningful by default, since some of it will still reflect estimation instability or 

dependence on a particular representation. The more useful question, therefore, is 

not whether variability exists, but under what conditions it reflects signal that can be 

used to improve prediction. 

A practical implication of Chapter 2 is that stacking models can sometimes improve 

prediction and robustness when the base-level models are both reasonably accurate 

and contain diverse information. However, the benefit was not consistent, and 

depended on factors such as sample size, scan duration, and how strong and reliable 

the predictive signal was. In some cases, simpler forms of aggregation performed 

similarly well. The main finding is therefore not that one particular ensemble strategy 

should always be preferred, but that in predictive neuroimaging it may sometimes be 

more useful to combine information across multiple models than to assume that 

there is a single best specification that should be selected and interpreted in 

isolation. 
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This also points to a design principle for stacking in neuroimaging. Improvements due 

to stacking depend less on the number of base models and more on whether they are 

complementary, each capturing a diBerent and non-redundant aspect of the signal. 

Ensembles of near-identical models oBer little to combine, so deliberately 

constructing diverse base learners, for example by varying the representation, model 

class, or the hyperparameters that control the temporal scale of the estimated 

dynamics, is likely to matter more than simply increasing ensemble size. 

A central conclusion of the thesis is that apparent dynamic structure should not be 

assumed to have an obvious interpretation. The analyses in Chapter 3 suggested that 

much of the apparent dynamic structure was consistent with changes in mean 

activity and amplitude (i.e., variance), with more limited evidence that additional 

time-varying correlation was required to account for the observed patterns. This does 

not imply that correlation-based descriptions are invalid, nor that mean- and 

amplitude-based accounts provide the single correct explanation of the underlying 

neurobiology. Rather, it suggests that diBerent representations may in some cases 

explain the same data similarly well, so the presence of distinct inferred states 

should not automatically be interpreted as evidence that functional connectivity 

itself is changing over time. The more cautious conclusion is therefore that dynamic 

models may still provide useful descriptions of subject-level variation, but that they 

should be interpreted cautiously unless alternative explanations of the same signal 

have been ruled out. 

A further methodological lesson from Chapter 3 is that no single evaluation criterion 

is suBicient on its own. Bi-cross-validated model fit, split-half reproducibility, and 
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out-of-sample trait prediction may favour diBerent representations of the same 

signal, and this does not necessarily indicate a contradiction. This reflects the fact 

that these evaluation approaches are sensitive to diBerent properties of the data and 

model, and therefore answer diBerent questions about what signal is being recovered 

reliably. Apparent disagreement between metrics can itself be informative, because it 

helps clarify whether a representation is primarily optimised for fit, for recoverability, 

or for out-of-sample prediction. A more careful approach to model assessment is 

therefore to match the evaluation criterion to the inferential aim, rather than treating 

it as a general ranking criterion that identifies a single correct model. 

This thesis also suggests that uncertainty in predictive neuroimaging is not confined 

to model specification, but extends to the population on which a model is trained and 

tested. In Chapter 4, even after deconfounding for age, the relationship between 

brain structure and cognition was not stable across age groups, indicating that 

diBerences in the underlying brain-cognition relationship still mattered for model 

performance and interpretation. The asymmetry in cross-group generalisation, with 

models trained on younger subjects generalising better to older subjects than the 

reverse, further reinforced that training and test populations cannot be treated as 

interchangeable simply because the same variables are available in both. More 

generally, this points to a population-level dimension of generalisation: predictive 

performance depends not only on how a model is built, but also on which segment of 

the population its learned relationships primarily reflect. 

These age-dependent eBects also connect to work on brain ageing, where 

chronological age is predicted from brain data and the diBerence between predicted 
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and actual age is used as a marker of atypical ageing (Kaufmann et al. 2019). That 

framework treats age as the target, whereas the analyses here treat it as a moderator 

of the brain-cognition relationship, so the two oBer complementary views of how 

ageing is expressed in the brain. A natural extension is to use age-specific models to 

identify atypical older individuals, since the greater heterogeneity and weaker 

generalisation seen in older subjects may partly reflect deviations from typical ageing 

that such models could highlight for closer study (Azevedo et al. 2023). 

These findings point to a trade-oB between specificity and generalisability in 

predictive neuroimaging. Models fitted within a restricted subgroup may better 

capture the relevant brain-behaviour relationships for that subgroup, whereas 

models trained across a wider population may be better suited to transfer across 

groups. There is therefore no single modelling strategy that is best independently of 

its intended use. Predictive models should be judged not only by overall 

performance, but also by how well their assumptions and learned relationships 

match the population and context in which they are intended to be applied. 

Across both functional and structural imaging modalities, prediction was most useful 

here as a way of testing whether a brain representation carried subject-level 

information that generalised beyond the sample in which it was estimated. However, 

predictive success alone could not determine what that signal reflected, how 

uniquely it could be interpreted, or how robustly it extended across representations 

and populations. Prediction was therefore informative, but only when considered 

alongside questions of representation, robustness, and generalisation. 
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The conclusions of this thesis should nevertheless be viewed in light of several 

limitations. The analyses were based on particular datasets, feature spaces, and 

modelling frameworks, and eBect sizes and absolute prediction accuracies in brain-

cognition settings remained modest. As a result, the main contribution is therefore 

not that these models are ready for clinical use, but that the thesis gives a clearer 

account of how they should be interpreted and evaluated. More generally, predictive 

analyses do not establish mechanism, and some of the conclusions reached here, 

particularly regarding apparent dynamics, remain conditional on the representations 

and model classes used to characterise them. These limitations point naturally to 

future work that better separates mean, amplitude, and covariance contributions, 

tests the same questions across a wider range of populations and modalities, and 

develops evaluation frameworks that distinguish more clearly between prediction, 

interpretation, and generalisability. 

In addition, most analyses in this thesis characterised predictive performance at a 

single fixed sample size using repeated cross-validation. Building on the sample-size 

analysis in Chapter 2 (Figure 6), a natural next step would be to examine performance 

as a function of the number of training subjects in the other settings studied here. 

Such learning curves can show whether apparent diBerences between 

representations or age groups are stable or instead reflect the amount of data 

available, and whether the limited additional value of higher-dimensional dynamic 

features would persist at larger sample sizes. 

A further direction is to move beyond resting state. The fMRI analyses here used 

resting-state data throughout, but naturalistic and task paradigms such as movie-
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watching or game-like tasks drive richer and more temporally structured dynamics, 

and may oBer a more sensitive setting in which to test whether time-varying 

connectivity carries subject-level information beyond static FC. 

Overall, this thesis argues for a more careful use of predictive modelling in 

neuroimaging. Across both functional and structural imaging, prediction was most 

useful here not as an endpoint in itself, but as a tool for probing what brain-derived 

features capture, how robust those inferences are to modelling choices, and how far 

they generalise across populations.  
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