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Abstract

Traditional machine learning analyses are challenging with functional magnetic

resonance imaging (fMRI) data, not only because of the amount of data that needs to be

collected, adding a particular challenge for human fMRI research, but also due to the change in

hypothesis being addressed with various analytical techniques. Domain adaptation is a type of

transfer learning, a step beyond machine learning which allows for multiple related, but not

identical, data to contribute to a model, can be beneficial to overcome the limitation of data

needed but may address different hypothesis questions than anticipated given the analysis

computation. This dissertation assesses a novel domain adaptation package, PyKale, created for

cognitive fMRI data to determine the benefit and use it can have within cognitive research.
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Introduction
Fear to Mental Imagery

Mental imagery, and the fear thereof, can largely impact a person from early in life, such

as a child becoming afraid of a non-existent monster, throughout later life, such as adults

associating uncontrollable life-or-death outcomes with imagined thoughts and prayers (Clasen,

2012; Muris et al., 2003; Singh, 2017). Mental imagery involves a perceptual-like experience

without external input (Kosslyn et al., 2001). Importantly, many symptoms of anxiety and

post-traumatic stress disorder (PTSD) are based in fear associated with mental imagery, for

example intrusive memories and flashbacks (Arntz et al., 2007; Shin & Liberzon, 2010). Though

clinical studies have found imagery related techniques for treating such disorders to be effective

(Arntz et al., 2007; Holmes et al., 2007); (Grunert et al., 2007), an understanding of the

representation and expression of fear to mental imagery has been lacking.

Mental images are depictions of stimuli constructed in the mind that cause sensory

changes in the individual. They allow us to partake in mental events that aid in processes such as

remembering, planning, navigating, and decision making (Pearson et al., 2015). Within the brain,

mental images undergo processes similar to that of perception, for example, partaking in mental

visual imagery processes interferes with visual perception (Horowitz, 1969). This is because

mental images retain the sensory characteristics and neural processes of perceived stimuli, and

utilize information of previously perceived stimuli to generate the image (Dadds et al., 1997;

Kosslyn, 1988).

Recent research has begun using differential fear conditioning paradigms in order to

better understand the relationship between mental imagery and fear (Mertens et al., 2020). In a

standard visual perception differential fear conditioning paradigm, a visually presented

conditioned stimulus (CS+) is paired with an aversive unconditioned stimulus (US), while a

1
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second visual conditioned stimulus (CS-) is never paired with the US. As a result of the

acquisition, the CS+ elicits a conditioned response (CR) of a larger magnitude than the CS-, also

known as differential fear. The CR measured in human fear conditioning includes self-reported

fear (LeDoux & Hofmann, 2018), skin conductance response (SCR), and brain activity measured

using functional magnetic resonance imaging (fMRI). More recently, interest in how

higher-order processes such as working memory (Carter et al., 1998), concepts (Dunsmoor et al.,

2012; Grégoire & Greening, 2020), and mental imagery (Mertens et al., 2020) contribute to fear

conditioning has grown

Fear Conditioning in the Theater of the Mind (FCTM) Study

In a recent meta-analysis of differential fear conditioning in fMRI, Fullana et al. observed

a significant fear conditioning network that included the largest effects in the anterior insula (aIn)

and dorsal anterior cingulate cortex (dACC) and dorsomedial prefrontal cortex (dmPFC)

(Fullana et al., 2016). Regarding fear and mental imagery, Greening et al. (2021) observed

generalization of differential fear reactivity to mentally imagining the stimuli when undergoing

differential fear conditioning to visually perceiving the stimuli, as measured with SCR,

self-reported fear, and right aIn activity (Greening et al., 2021). These results were later

replicated and extended in two recent studies conducted by my collaborators and myself

(Burleigh et al., 2022; Burleigh and Greening, 2023). The study which this proposal is built on,

the Fear Conditioning in the Theater of the Mind (FCTM) fMRI experiment, sought to replicate

and extend the work by Greening et al. (2021) and Burleigh et al. (2022), investigating the neural

mechanisms of differential fear acquisition to visually perceived and mentally imagined stimuli

(Burleigh and Greening, 2023).
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The fMRI FCTM study investigated the acquisition and generalization of differential fear

of and between visual perception and mental imagery through two phases. In the Visual

Acquisition phase, differential fear conditioning occurred to visually perceived stimuli. The

stimuli were also mentally imagined but were not directly conditioned to, therefore this phase

investigated differential fear conditioning to visual perception and generalizing from visual

perception to mental imagery to replicate Greening et al. (2021). In the Imagery Acquisition

phase, the percept modalities were opposite and differential fear conditioning occurred to

mentally imaging stimuli while the stimuli were also visually perceived but not directly

conditioned to. The Imagery Acquisition phase extended Greening et al. (2021) by allowing for

the investigation of differential fear conditioning to mental imagery and generalizing from

mental imagery to visual perception (Burleigh and Greening, 2023).

The Visual Acquisition phase replicated Greening et al. (2021), finding significant

activation in the right aIn not only during the differential fear acquisition of a visually perceived

stimulus but also found significant activation in the right aIn during the generalization of

differential fear acquisition from visual perception to mental imagery. The Imagery Acquisition

phase extended Greening et al. (2021), finding a cluster of significant activation in the right aIn,

frontal operculum, and inferior frontal gyrus during differential fear acquisition to mentally

imagined stimuli. The right aIn was also significantly active during the generalization of

differential fear acquisition from mental imagery to visual perception. When looking across both

phases, there was also significant activation in the right aIn, frontal operculum, and inferior

frontal gyrus in an overlap analysis of acquiring differential fear to visually perceived (i.e.,

Visual Acquisition phase) and acquiring differential fear to mentally imagined (i.e., Imagery
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Acquisition phase) stimuli (Burleigh and Greening, 2023). All regions found to be significant in

the FCTM study are part of the fear conditioning network defined by Fullana et al. (2016).

Amygdala in Fear

A potentially surprising note of the neural findings regarding differential fear in mental

imagery is the lack of amygdala activation found (Greening et al., 2021; Burleigh and Greening,

2023), even though this area is highly associated with fear (Morrison & Salzman, 2010). A

meta-analysis investigating the neural mechanisms of differential fear conditioning to physically

present percepts has shown that while the aIn is commonly found, the amygdala is not (Fullana

et al., 2016). This does not necessarily mean that the amygdala is not involved in fear

conditioning, but it may indicate that the amygdala requires an increased temporal sensitivity.

The amygdala is a key neural component in fear acquisition in rodent models (Ono et al.,

1995; Yin et al., 2018) and is particularly important during early fear acquisition in rodents

(LaBar & LeDoux, 1996) and rhesus monkeys (Antoniadis et al., 2009) models. Yin et al. (2018)

investigated this possibility using a trial-by-trial analysis in human participants and showed

attenuation of amygdala activity throughout differential fear conditioning. Amygdala voxel

patterns became less distinguished, as determined using a representational similarity analysis

(Yin et al., 2018).

Further investigation of the amygdala in both physically perceived and mentally

imagined differential fear acquisition, particularly in human participants, is needed. To

investigate fear acquisition, a fear model can use a classifier defined to identify a CS+ versus a

CS- on different trials. For example, Reddan et al. (2018) trained a classifier to distinguish CS+

versus CS- trials during a threat conditioning task, revealing a threat predictive network

including the PFC, amygdala, periaqueductal gray, insula, globus pallidus, and dACC. This
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whole-brain MVPA classifier was then used to investigate threat expression within neural

activation maps during extinction, showing that both mentally imagined and physically present

percepts contribute to extinction (Reddan et al., 2018). This study indicates that a classifier can

be trained on the emotional association of a stimulus. Reddan et al. (2018) focused on fear

extinction, therefore the investigation of the amygdala in fear acquisition is still needed. The

study also used a leave-k-participants-out procedure, which does not allow neural activation

across time to be investigated. A trial-wise procedure using a fear model to investigate the

amygdala in the FCTM study would provide novel insight to the neural mechanisms of

differential fear acquisition to visually perceived and mentally imagined stimuli, furthering

greatly our understanding of disorders such as anxiety and PTSD.

Machine Learning Mechanisms

The time course of the amygdala was able to be investigated in human fear by Yin et al.

(2017) due to the number of trials presented. In the trial-by-trial analysis, 120 trials were

presented to each participant in a block design study. This large number of trials allows for

greater power when able to reduce signal noise, however in order to complete so many trials, the

inter-trial intervals (ITI) and length of time the stimuli are presented must be short (e.g., 1 sec. in

Yin et al. (2017), resulting in an important limitation. When using short trials and ITI, the

hemodynamic response function (HRF), the increase in blood flow proceeding neuronal activity,

must be assumed to be linear (Soon et al., 2003). There is considerable variability in the features

of the HRF across brain areas and individuals, however (D’Esposito et al., 2003; Handwerker et

al., 2004; Kruggel & von Cramon, 1999). For example, Kruggel & von Cramon (1999) found

variability of time until peak across voxels in a subject and Handwerker et al. (2004) found

variability, both within subjects across regions and across subjects, in both the time to peak and
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width of HRF. Shortened ITIs result in smaller responses, dramatically decreasing statistical

efficiency (Dale, 1999), and therefore add undesired variance, which could not only impact

detecting differences in responses but also highly increase the likelihood of Type II errors (Soon

et al., 2003). In addition, conventional univariate analyses (i.e., general linear modeling; GLM)

are unable to be performed on studies that use short trials and do not collect the full HRF. The

need for a trial-by-trial investigation is of particular importance regarding the acquisition of fear

condition to a visually perceived stimulus versus the acquisition of a mentally imagined stimulus.

Mental imagery produces a weaker neural signal than physical perception (Ganis et al., 2004),

however how this difference in neural signal between the percept modalities impacts and

interacts with the acquisition of fear condition in each is unknown. Fear acquisition to mental

imagery may take more trials to emerge, or the acquisition itself may be more variable during

early acquisition.

Multi-Voxel Pattern Analysis

Needing a large number of trials is a big limitation with training complex machine

learning models and computational analyses. Machine learning identifies the number of features

(i.e., voxels) greatly outnumbering the observations (i.e., sample size) as the

curse-of-dimensionality (Bellman, 1961). Primarily, the curse-of-dimensionality can mean that

even if training items can be modeled in a large feature space, spurious correlations may solely

be contributing to the solution which will not generalize. One method of addressing this is using

ridge regression which can identify models with more features than examples if the signal is

strong enough. This method uses a penalty on the optimization function for particularly large

values. However, when the problem is complex, the signal is not incredibly strong, and

aggressive feature reduction isn’t ideal, even regularized models run on single subjects, such as
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ridge regression, may not have enough evidence to determine features that are actually predictive

of the target structure and are spuriously correlated.

As the amount of features increase, the amount of evidence needed to distinguish

relevant signal from noise also increases. An additional, huge limitation, not only in cognitive

computational neuroscience but in all machine learning domains, is the inability of traditional

machine learning models to utilize previously gained knowledge or information. Generalization

of knowledge is something humans are particularly adept at. For example, once trained on a

melody, humans can generalize the knowledge gained on unfamiliar melodies with the new

structure (Pfordresher et al., 2021). This generalization can also be unintentional such as

generalizing the learned association of fear to a stimulus from one percept modality to another

(i.e., physical perception to mental imagery and vice versa; Appendix A; Greening et al., 2021).

A traditional machine learning computation, however, is isolated and doesn’t transfer or

generalize knowledge from other models or data sets.

The limitations discussed can be seen at play with the FCTM study in a Multivoxel

Pattern Analysis (MVPA). MVPA is a computational machine learning analysis that learns the

pattern of voxels in a region of interest for conditions. The analysis learns the pattern from the

data used to train the model and attempts to identify which condition is being presented in the

test data (Kaplan et al., 2015). Studies have successfully used MVPA to decode Gabor patch

orientation gratings, the same stimuli used in FCTM, in V1-V3 of imagined stimuli (Albers et

al., 2013). The FCTM study attempted to replicate this, training an MVPA model to discriminate

the CS+ and CS- using all trials, both view and imagine, in the habituation task. The model was

then tested using mentally imagined CS trials in the acquisition task in V1-V3. The model was

unsuccessful in both the Visual Acquisition and Imagery Acquisition phases, producing
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accuracies below 55% and p > 0.05. The model was also tested using visually perceived CS trials

using the same parameters. It was only successful in discriminating the visually perceived CSs in

the Imagery Acquisition phase, with an accuracy of only 52%, p = 0.04 (Burleigh and Greening,

2023). Visual perception in the FCTM study, given the minimal number of trials to train the

model on, does not have enough power or data to discriminate CSs. The magnitude of activation

when mentally imagining stimuli is of a much lesser magnitude than that of visually perceiving

stimuli (Klein et al., 2000), resulting in an even greater need for additional data to train a model.

Traditional Machine Learning

Machine learning, a category of artificial intelligence, is a useful tool for multiple

domains but can be particularly impactful for cognitive neuroscientists and functional magnetic

resonance imagining (fMRI) researchers as it enables computers to learn a task based on data

given, similar to how humans learn from experience, without explicitly programming the

learning task. The process allows computers to modify their actions over multiple iterations, or

attempts, to improve accuracy (i.e., number of times the action produces a correct result). The

machine learning process is related to Bayesian statistics, a null hypothesis statistic testing

alternative which allows prior knowledge to influence the test at hand, and computational

statistics, which make statistical predictions via computers. Solving a problem via traditional

machine learning involves a model (i.e., the task to learn or problem to solve) being trained on a

dataset to learn the task question at hand, and being tested on subset of the original data (i.e., data

of one run from each subject, or one subject, of the study used in training but not included in the

training itself) (Alzubi et al., 2018). Traditional machine learning is that a dataset must include

the same data for the learning task (i.e. data from only one study can be used in the model; see

Figure 1).
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Figure 1. Traditional machine learning allows a dataset from a single study to contribute
to the model’s learning task.

Before solving the problem, the appropriate machine learning algorithm must be chosen

by determining which one (or more) of the five questions data science can answer that the

problem at hand fits into: classification problem (e.g., Is this A or B?), anomaly detection

problem (e.g., Which is the odd one out?), regression problem (e.g., How much/many?),

clustering problem (e.g., What is the structure/organization?), or a reinforcement learning

problem (e.g., What should be done next?) (Alzubi et al., 2018). The majority of cognitive

neuroscience machine learning algorithms are classification problems in which a fixed number of

output classes are determined a priori, such as Yes/No, but are not required to be binary (Alzubi

et al., 2018). Some common classification problems in cognitive neuroscience are fear

conditioning conditioned stimulus classification (i.e., Is the trial a feared conditioned stimulus?),

percept modality classification (i.e., Is the trial viewed or imagined/viewed or heard/etc.?), and

category classification (i.e., Which animal/tool/etc. is present in the trial?). MVPA is a common

fMRI traditional machine learning classification tool. An anomaly detection problem detects

changes or anomalies (i.e., outliers) in a pattern (Alzubi et al., 2018). For example, in cognitive

neuroscience it has been used to discriminate seafarers with altered default mode network

9

https://sciwheel.com/work/citation?ids=13105166&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=13105166&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=13105166&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=13105166&pre=&suf=&sa=0


functioning from healthy controls (Shi et al., 2015). Regression problem algorithms handle

continuous, numeric output, generally asking “How much?” or “How many?” (Alzubi et al.,

2018). Cognitive fMRI researchers have used regression machine learning analyses for many

purposes, from predicting ratings of features experienced in video games (Di Bono & Zorzi,

2008) to predicting alcohol misuse based on neuropsychological profiles (Whelan et al., 2014) to

predicting math abilities and associated neural mechanisms following tutoring (Supekar et al.,

2013). A clustering problem is one which creates clusters based on the similarity of the data

structure. Due to the large number of features in fMRI data (i.e., many voxels), clustering

algorithms are very commonly used to reduce the number of important features, such as

independent components analysis (ICA) and principle component analysis (PCA) (Liang et al.,

2016; Smolders et al., 2007), and are often used as a precursor in further machine learning

algorithms (Alzubi et al., 2018). Finally, reinforcement problem algorithms learn the

behavior/task to solve through trial and error in a continuously changing environment, using

defined rewards and penalties (Alzubi et al., 2018). Though reinforcement algorithm models

have not been widely used in cognitive neuroscience, one has been used to predict neural

activation in various cortico-striatal loops during stimulus-action-reward association learning

(Haruno & Kawato, 2006). Transfer learning can be used for all five questions, but this

dissertation focuses on classification as it is the most common for cognitive neuroscience fMRI

machine learning models.

Transfer Learning/Domain Adaptation

Transfer learning addresses the limitation of knowledge generalization and sharing in

traditional machine learning models. Rather than allowing only identical data (i.e., one study) to

contribute to a model, transfer learning can leverage information gained from related datasets,
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allowing a larger and more diverse set of data to influence the model. This allows transfer

learning to more similarly represent humans than traditional machine learning, as humans

generalize knowledge learned to new situations both intentionally (Pfordresher et al., 2021) and

unintentionally (Greening et al., 2021). Leverages information gained from related tasks, and

subsequently domain adaptation, a specific transfer learning technique, can allow for a larger and

more diverse selection of data to train a model (Zhou et al., 2019, 2020). Using this method, data

from related but different tasks can be used to inform a model, increasing the accuracy by

increasing the amount of data able to contribute to training the model (Zhou et al., 2019).

Different datasets comprised on somewhat different examples may have overlapping content.

Transfer learning provides ways of sharing information without treating all information input as

identical, making the datasets more similar by, for example, excluding idiosyncratic signal and

noise as domain adaptation does (Zhou, 2022).

Data input into transfer learning is either part of the source domain (i.e., the data to be

leveraged) or target domain (i.e., the data to be classified). The task to be learned, which uses the

source domain data, is the source task (blue ‘Learning Task’ box in Fig. 3a). Using the source

domain data to train the source task results in the model gaining the knowledge of this learned

source task. This knowledge-improved model then influences the target task which the target

domain data is used for. When the same source and target domains are used (i.e., identical data

from one study), and the same source and target tasks are used (i.e., one learning task), the

analysis is equivalent to a traditional machine learning model.

There are three subtypes of transfer learning based on the relationship between the two

domains and between the two tasks (see Table 1): (a) Inductive transfer learning uses the same

domains and different but related tasks; (b) Unsupervised transfer learning uses different but
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related domains and different but related tasks; and (c) Transductive transfer learning uses

different but related domains and the same tasks. A domain has two components: a feature space

(i.e., the space of all term vectors) and a marginal probability distribution of the learning sample,

both of which are derived from the same dataset. When the source and target domain are

different, it implies that either the source and target feature spaces, or the source and target

probability distributions are not the same. Domain adaptation, the focus of this dissertation,

specifies that the difference in domains occurs in the marginal probability distributions.

Transductive transfer learning, and therefore domain adaptation, specifies that the learning tasks

are the same, implying that a predictive function learned in the source domain can be adapted to

use in the target domain if some unlabeled target-domain data is provided.

Table 1. The relationship between traditional machine learning and the tree transfer learning
subtypes

Before determining the types of transfer learning approaches that can and should be used

for domain adaptation specifically, which situations transferring skills should be used and should

not be used needs to be assessed. Domain adaptation should not be used if the source and target

domains are not related. For a source and target domain to be related, an explicit or implicit

relationship must exist between the feature spaces of the two domains (e.g., same study

methodology at different locations, same study methods only altering stimuli, similar questions

addressed in studies, etc.). A brute-force transfer with domains that are not related to each other
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may be unsuccessful, and at worse, may hurt the learning performance in the target domain

resulting in negative transfer. Negative transfer occurs when the source domain data and learning

task lend to a reduced performance of learning in the target domain. Though little research has

been done on this, negative transfer is a limitation of transfer learning, and therefore domain

adaptation, to consider (Gui et al., 2017).

Aggregation of Subjects

The curse of dimensionality and the need for a large number of trials is based in the way

fMRI data is processed in various analyses, particularly the aggregation of subjects. Not only

does functional organization minorly vary across individuals, but additional noise unrelated to

the hypothesis of interest can be introduced to the fMRI signal from the scan or brain itself,

which can also vary. In univariate analyses, the meaningful signal is derived from a cluster of

voxels, meaning they do not identify encoding in individual voxels but instead blur together

groups of voxels emitting a signal. Therefore, inferences can be drawn by averaging activation

across subjects since the voxel clusters are blurred. Machine and transfer learning techniques,

including general domain adaptation, consider individual voxels, rather than blurring clusters of

voxels. Considering individual voxels means machine learning analyses include the extra,

unrelated noise to the signal, making it more difficult to differentiate a meaningful signal from

noise because additional subjects are not included in averaging out the extra noise that can be

conflated with the brain or scan dynamics of the particular subject. Leveraging and removing the

covariance of the noise of the particular subject and the scan of the subject could aid in assessing

other subjects to isolate the particular subject’s noise profile, exposing voxel level signals that

can be attributed to the scan in other subjects (figure 2).
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Figure 2. Each domain of fMRI data contains general subspace, specific subspace, and noise
contributed by the scan and brain.

For example, participants retrieving the concept “dog” will evoke different distributed

patterns of activity in their brains, the idiosyncratic specific subspace, partly due to each

participant having had unique experiences with the word and creature being referred to, however,

the visualization of a dog will activate occipitotemporal cortex in all participants, the general

subspace. Each participant will also likely activate similar features such as “snout” and “tail”.

Additionally, noise unrelated to the hypothesis of interest can be introduced to the fMRI signal

from the scan or brain itself, which can also vary. The process can be repeated to gather signals

for additional stimuli, such as cat, which will have its own patterns of these three signals. Of

particular note is that all participants have the same activation in the general subspace, however

in the specific subspace, each participant shows the same activation in time one and time two of

the dog, but the specific subspace is different across individuals (figure 3).
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Figure 3. A representation of the neural activation by the general subspace, specific
subspace, and noise for three subjects (S1, S2, and S3) each contributing two trials (t1, t2) for
two stimuli (Dog, Cat). For each stimulus, the general subspace contains the same activation for
each subject, the specific subspace contains the same activation at each trial for the specific
subject, and the noise is sporadic for each trial of each subject.

Domain adaptation is a solution to minimal trials and the curse of dimensionality created

by engineers and computer scientists in which the goal is to remove differences (e.g., brain and

scan noise not related to brain activation) using all subjects' data by minimizing the difference of

domains. The domain adaptation process makes the source and target domains as similar as

possible and fit the model. This is not to be confused with classifier adaptation, in which a model

of the source domain establishes priors that guide, but do not strictly constrain, the values that

parameters might take in a model of the target domain (figure 4). Domain adaptation treats both

the source and target domain from datasets that are related as one group to find and remove the

shared subspace of noise, reducing the difference of the domains, then fitting a model to the

unlabeled target domain data.
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a. b.

Figure 4. Classifier Adaptation versus Domain Adaptation. A. Classifier Adaptation uses
the source domain to train a model, which then contributes knowledge to the learning
task which the target domain information is fed into and classified using. B. Domain

Adaptation uses both the source and target domain, reduces the difference between the
domains, then uses the target task on the resulting model.

CoIRLS

Covariate-Independence Regularization (CoIRLS) is a particularly fitting domain

adaptation approach algorithm for cognitive fMRI researchers as it considers each dataset, as

well as each subject, as a different domain, making it a multi-source domain adaptation

technique. This means each unique experiment-subject combination is considered a distinct

domain, allowing participants’ individualistic brain activation to be taken into account in the

final model. The CoIR algorithm considers a target dataset with labeled and unlabeled samples

acquired from one or more source datasets, where the objective learning task is to predict the

brain conditions of unlabeled target samples (Zhou, 2022).

Both the target and source experiments must have the same brain conditions to classify.

To classify the conditions, the framework optimizes minimizing three aspects: 1) empirical error

of labeled data, 2) dependence on domain covariates, and 3) model complexity (i.e., reducing the

upper bound of generalization risk) (Zhou, 2022). The classifiers can be viewed as feature
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mapping where samples of all domains are in the same distribution and project the input features

to a one-dimensional output space, regularizing the hypothesis space to reduce model

complexity. Additionally, the algorithm minimizes empirical error on labeled data and domain

dependence on domain covariates further reducing model complexity. Minimalizing the

prediction/empirical error and the domain dependence occurs in the framework simultaneously

so can therefore be viewed as combining the benefits of domain-invariant classifier methods and

domain dependence minimization mapping (Zhou, 2022).

The CoIRLS algorithm uses the regularized least squares classifier, a linear model which

minimizes the sum of squared prediction errors, the sum of squared model parameters (e.g., the

weight assigned to each voxel in an fMRI dataset) also known as the ridge penalty, and the

Hilbert-Schmit Indepdence Criterion between the data and maxtrix of covariates which relates

examples to subjects. Each unique experiment-subject combination is considered by encoding a

matrix of experiment designs and subjects as domain covariates for domain adaptation, called

one-hot encoding. Each subject is dummy-coded, allowing idiosyncratic variance to be found

and removed, leaving a covariance structure that is shared across subjects. In this process, target

domain samples are left unlabeled, which makes negative transfer highly unlikely. The model is

fit over the source and target domain where neither domain is privileged, but the model is solely

evaluated in the target domain. The output is a one-dimensional space of model weights for the

classification task at hand, which can be used to identify the top 1% coefficients (in magnitude)

to in turn visualize the brain areas of positive and negative activation for interpretation (Zhou,

2022).
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Input

Inputs required include: 1) data matrix of source and target data; 2) vector of training

labels; and 3) domain covariates.

Hyperparameters

Hyper-parameters (i.e., values that control the model’s learning process) include: 1)

alpha, which controls the constraint of coefficients; and 2) lambda which controls the importance

of dependence on domain covariates. Optimal hyper-parameters can be found using

leave-one-domain-out cross validation on source domain data.

***

There is a large need to focus on the general subspace of fMRI data in machine learning

analyses, particularly when trying to study sensitively activating cognitive processes. Techniques

are being developed in fields besides cognitive neuroscience, but work needs to be done to

determine if, and how, useful they are. Though it does not solve all the problems of machine and

transfer learning techniques, CoIRLS may bring cognitive neuroscience closer to being able to

resolve some of the power and curse of dimensionality challenges commonly faced with analyses

such as MVPA.
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Methods

FCTM Study

Participants

The FCTM study enrolled, and results include, 31 healthy adults (17 females) between

the ages of 18 and 33 (M=24.31 years). The sample size was determined based on previous

psychophysiological and behavioral research using the same experimental paradigm (Burleigh et

al., 2022) and based on previous research in fMRI comparing visual fear conditioning to imagery

generalization (Greening et al., 2022). Participants were recruited through Louisiana State

University's (LSU) human participant study pool and provided written informed consent. The

experiments were approved by LSU’s institutional review board. This study consisted of two

phases: Visual Acquisition phase and Imagery Acquisition phase, which were counterbalanced

across participants regarding which phase was presented first.

Materials

Gabor patches (sinusoidal gratings) were used as the conditioned stimuli throughout the

study. In the Visual Acquisition phase, a rightward (45° angle with lines from lower left to upper

right corner) and a horizontal (0° angle with lines from left to right) Gabor patch were used as

the CS+ and CS-, counterbalanced across participants. For the Imagery Acquisition Phase

leftward (135° angle, lines from lower right to upper left corner) and vertical (90° angle with

lines from bottom to top) Gabor patches were used for the CSs, counterbalanced across

participants. Thus, each of the two phases involved a distinct pair of conditioned stimuli. The

CSs were presented within the participants’ 8 degrees of visual angle. On each trial participants

were provided an auditory instructional cue to either attend or imagine one of the Gabor patches.

These trial-by-trial auditory instructions, “imagine right”, “imagine horizontal”, “attend right”,
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and “attend horizontal” in the Visual Acquisition phase, and “imagine left”, “imagine vertical”,

“attend left” and “attend vertical” in the Imagery Acquisition phase, were delivered using

Sensimetric MRI-compatible Insert Earphones and were produced using

www.fromtexttospeech.com (Greening et al., 2021).

The US during the fear-conditioning trials was a mild electrical stimulation (administered

using the STMISOC and STM100C modules of BIOPAC, Goleta, CA, USA). Two electrodes

were placed on the fingertips of the first and second fingers of the non-dominant hand. The

intensity of shock was individually set by each participant at a level that was “uncomfortable but

not painful” (M= 4.43 mA), as consistent with previous research (Greening et al., 2016; Knight

et al., 2005).

Procedure and Design

Once in the MRI scanner, participants completed two distinct phases: the Visual

Acquisition phase and the Imagery Acquisition phase. The phases were counterbalanced across

participants regarding which was presented first. Each phase began with 6 habituation runs

followed by 6 fear acquisition runs. The purpose of the habituation runs was to familiarize

participants with the task including the imagery and it allowed habituating participants initial

responses to the auditory cues and the Gabor patches (Jiang et al., 2021). The participants also

completed the Likert-style questionnaire after each phase (Burleigh and Greening, 2023).

The overall trial structure was identical for both the Visual Acquisition and Imagery

Acquisition phases (figure 5) and was adapted from recent psychophysiological research from

the lab (Burleigh et al., 2022).
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Imagery Acquisition Phase

The Imagery Acquisition phase began with 6 habituation runs, each of which consisted of

8 trials. Each run contained two CS+ imagine without shock trials, two CS- imagine trials, two

CS+ view trials, and two CS- view trials. The trial order was fully randomized.

Next, participants completed 6 fear acquisition runs, each of which included 12 trials.

Each run contained two CS+ imagine with shock trials, two CS+ imagine without shock trials,

four CS- imagine trials, two CS+ view trials, and two CS- view trials. Thus, imagining CS+ was

paired with the US 50% of the time and viewing the CSs was never paired with shock in this

phase. The trial order was pseudo-random (Greening et al., 2022). Each run began and ended

with a CS- imagine trial. The first run in this phase also included a CS+ imagine with shock trial

as the second trial to begin the fear association early. The second CS+ imagine with shock trial

was randomly presented within the second half of the run. For the remaining 3 runs, the first CS+

imagine trial was randomly presented in the first half of the run and the second CS+ imagine trial

was randomly presented in the second half of the run. Trials including a shock are not used in

analyses so as to avoid any potential US confound in our modeling of CS+ trials. We also

excluded the first and last CS- imagine trials of each run. This is the same approach we used in

Greening et al. (2022) and allowed us to avoid the potentially confounding orienting effect

generated on the first trial of a run and allow us to ensure that the number of trials in each first

level regressor was equal across conditions of interest for the analysis. All other trials not

otherwise noted were randomized within the run.

Visual Acquisition Phase

The Visual Acquisition phase was similar to the Imagery Acquisition phase in structure,

as it included 6 habituations runs followed by 6 fear acquisition runs, but with several notable
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exceptions. First, a novel pair of conditioned stimuli were used. Second, each fear acquisition run

included two CS+ view with shock trials, two CS+ view without shock trials, four CS- view

trials, two CS+ imagine trials, and two CS- imagine trials. In other words, only when viewing the

CS+ did participants receive a shock (50% reinforcement rate), and no shock was ever delivered

during imagery of the CSs.

Figure 5. Trial structure. Participants imagined and viewed the patches associated with each of
the Visual Acquisition and Imagery Acquisition phases, respectively.

Top left: A CS+ view trial during Visual Acquisition with 2 ms mild electrical stimulation that
co-terminates with the Gabor Patch. Bottom left: A CS- view trial during Visual Acquisition. Top
right: A CS+ imagine trial during Imagery Acquisition with 2 ms mild electrical stimulation that

co-terminates with the 4 second imagery epoch. Bottom right: A CS- imagine trial during
Imagery Acquisition.

Image Acquisition

Subjects were scanned using a 3T GE DISCOVERY MR750w MRI scanner with a

32-channel head coil. Each participant first received a high resolution, T1 weighted, anatomical

scan covering the whole brain (repetition time=8.78ms; echo time=3.79ms; FOV=22.4cm; voxel
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size=3.5 mm isovoxels; 64X64 matrix). The following procedures were then followed for each

phase.

Twenty-four fMRI scans (6 habituation and 6 acquisition for each phase) were run to

measure BOLD changes. The fMRI images were taken with a T2*-gradient echo-planar imaging

sequence (TR=2000ms; TE=25ms; FOV=22.4 cm; 64X64 matrix). Complete brain coverage was

obtained with 76 slices of 3.5 X 3.5 mm in plane with a slice thickness of 3.5 mm, forming 3.5 X

3.5 X 3.5 mm voxels. Each functional run began with collecting 3 dummy volumes to account

for T1 equilibrium effects, discarded as part of the preprocessing steps of data analysis. The total

number of volumes per run, including dummy volumes, varied according to task type, but not

phase: habituation = 73 volumes, acquisition = 109 volumes.

fMRI Preprocessing

Both individual and group analyses were processed using FEAT (FMRI Expert Analysis

Tool) in FSL (FMRIB’s Software Library, www.fmrib.ox.ac.uk/fsl) version 5.0.9. Registration of

functional images to the high resolution (T1-weighted) structural image and the standard space

image was performed using FLIRT (Jenkinson et al., 2002; Jenkinson & Smith, 2001). The

pre-statistics processing applied were as followed: motion correction using MCFLIRT

(Jenkinson et al., 2002); slice-timing correction using Fourier-space time-series phase-shifting;

non-brain removal using BET (Smith, 2002); spatial smoothing using a Gaussian kernel of

FWHM 7 mm; grand-mean intensity normalization of the entire 4D dataset by a single

multiplicative factor; high-pass temporal filtering (Gaussian-weighted least-squares straight line

fitting, with sigma = 50.0s). The time-series statistical analysis was carried out using FILM with

local autocorrelation correction (Woolrich, Ripley, Brady, & Smith, 2001).
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MVPA

Multivariate pattern analysis (MVPA) was used to find a working, easy CS classification

problem using the FCTM fMRI data outlined above. The model was trained on either view trials

from the Visual Acquisition phase task or imagery trials from the Imagery Acquisition phase

task, and tested whether the model could accurately identify whether a CS+ or CS- trial was

presented in one run of held out testing data of the phase used to train the model. The MVPAs

were carried out using a support vector machine (SVM) classifier in PyMVPA (Hanke et al.,

2009) on each individual participant using a leave-one-run-out validation. As is the default in

PyMVPA, the SVM hyperparameter ‘C’, which controls the width of the margin and number of

support vectors to balance potential training misclassifications, was determined via automatic

scaling according to the norm of the data. A binary whole brain mask was derived from the

group alignment to standard MNI space, as all participant specific data used for the MVPAs were

registered to MNI space. Preprocessing and first-level modeling of the fMRI data used for

MVPA include those listed above. Each trial was modeled independently in the first-level GLM,

including smoothing with a 7mm FWHM kernel, which has been shown previously to improve

classifier performance (Hendriks et al., 2017).

None of the trials in which shock was presented were used. First the classifier was trained

on view CS+ versus view CS- trials during 5 of the 6 Visual Acquisition phase task runs. To

estimate the performance of the classifier model, we used cross-validation to use each run as the

held-out test data.
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Algorithms

CoIRLS Analysis

In this step, a leave-k-subjects-out-style paradigm using the FCTM data was used. In this

case, one subject was considered the target domain (n = 1) and all other subjects (n = 30) were

used as the source domain (see Appendix A or GitHub for code:

https://github.com/lburleigh/lb_dissertation; see Appendix B or link for Jupyter Book Guide to

CoIRLS: https://lburleigh.github.io/da-guide/). All source domain data and 1 of the 6 runs of the

target domain subject were labeled. The CoIRLS algorithm was dual cross-validated, repeating

the classification with each subject being reserved for use as the target domain, mimicking the

easy and hard problems of steps one and two, and repeating the classification with each run of

each target domain subject being labeled. As determined in Easy MVPA, the CS domain

adaptation focused on classifying the view CS+ versus the view CS- trials of the Visual

Acquisition phase task and classifying the imagine CS+ versus the imagine CS- trials of the

Imagery Acquisition phase task. The model was trained using the 5 unlabeled target subject

domain runs and tested using the 1 labeled target subject domain run.

The same pre-processed data that was used in the MVPA was used in CoIRLS, including

the same MNI whole-brain mask. Additionally, due to CoIRLS using a 1:1 comparison of voxels

which correlate with labels across participants, voxels that produced 0 activation across all runs

were removed (1900 voxels) and the remaining voxels were z-scored to the training data. To

determine the ideal alpha and lambda hyper-parameters, a hyper-parameter search was

performed, running potential values for each (1e-2 to 1e+9) on the respective phase task for the

respective trials of interest (Zhou, 2022; figure 6). The optimal hyperparameter for each subject

was identified and used for the respective model, with the subject hyperparameter being used
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when said subject was used as the target domain (see Appendix C for Visual Acquisition subject

plots). The result of CoIRLS is a one-dimensional space of model weights which were then used

in subsequent analyses below.

Ridge Regression

The ridge regression analysis followed the same procedures as the CoIRLS with the

exception of participants being included, resulting in two ridge regressions run. One ridge used

only one participant data in the analysis while another used all participants, mimicking CoIRLS.

Ridge regression is a type of linear regression used in machine learning used to reduce the

complexity of models by having a penalty term applied to the cost function, making this method

a good comparison to CoIRLS that is not a form of domain adaptation. While ridge regression has

the penalty function lambda applied, it does not contain alpha as a hyperparameter.
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Figure 6 - This line plot shows the hyper-parameters searched in the Visual Acquisition task for
view trials. Ridge Group refers to the ridge regression in which all participants are included

while Ridge Single refers to the ridge in which only one participant was run.
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Results

MVPA

“Easy” MVPA

Testing the classifier on view CS+ versus view CS- trials from the Visual Acquisition

phase task produced a group-level accuracy of 0.58 (SD = 0.17; Figure 6 - blue Visual

Acquisition bar). Each classifier was assessed using a one-sample, one-tailed t-test of the

accuracy received from each participant compared to chance (0.50). A one-tailed test was used

because an accuracy of lower than chance is meaningless. The one-sample, one-tailed t-test for

classifying viewed CSs in the Visual Acquisition phase using all runs was statistically

significant, t(30) = 2.68, p = 0.005. Next, the classifier was trained on imagine CS+ versus

imagine CS- trials during 5 of the 6 Imagery Acquisition phase task runs, again using a

cross-validation for the held-out test run. Testing the classifier on imagine CS+ versus imagine

CS- trials from the Imagery Acquisition phase task, the MVPA produced a group-level accuracy

of 0.59 (SD = 0.14; Figure 6 - blue Imagery Acquisition bar), which also showed significance in

a t-test compared to chance, t(30) = 3.53, p = 0.0007.

“Hard” MVPA

Once the easy problem of step one was identified (i.e., CS classification in the acquisition task of

each phase), step two involved removing data from the easy problem to ‘break’ the model

turning the easy problem into a hard problem. The problem was deemed hard and sufficiently

‘broken’ when classification accuracy no longer produced significance. To attempt to break the

model, the easy problem was repeated for each phase with the exception of the training dataset

reduced to three runs, rather than five runs, and again tested the model on one hold-out run. The

model was given the first four runs of the phase, one of which was again used for each hold-out
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run cross-validation. This proved to be unsuccessful at breaking the model as both phases

continued to produce significant classification accuracy: Visual Acquisition phase CS

classification accuracy was 0.58 (SD = 0.16; Figure 7 - yellow Visual Acquisition bar), t(30) =

2.79, p = 0.005 and the Imagery Acquisition phase classification accuracy was 0.57 (SD = 0.14;

Figure 6 - yellow Imagery Acquisition bar), t(30) = 2.71, p = 0.006.

Due to the significant classification found when performing leave-one-run-out cross

validation on runs 1 through 4, the model training and test was repeated for each phase using

only runs one and two (i.e., runs 3 and 4, in addition to runs 5 and 6, were excluded). Reducing

the training dataset to one run was successful in breaking the model: Visual Acquisition phase

CS classification accuracy was 0.56 (SD = 0.19; Figure 7 - grey Visual Acquisition bar), t(30) =

1.67, p = 0.052 and the Imagery Acquisition phase classification accuracy was 0.55 (SD = 0.22;

grey Imagery Acquisition bar), t(30) = 1.32, p = 0.098. The hard problem was therefore deemed

to be identical to the easy problem, but with the dataset reduced to only the first two runs of each

phase contributing to running the model. Making the problem hard allows for step three,

implementing transfer learning, to show that transfer learning can provide support enough to the

machine learning process that changes to results and different understanding of the data are

identified.
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Figure 7. Bar graph of the classification accuracy results from Steps 1 and 2, with bar
height representing mean classification accuracy of all participations. Bars are separated with the
three Imagery Acquisition run selections on the left and three Visual Acquisition run numbers on
the rightEach bar is colored according to the number of runs with far left blue bar for the model
in which all runs were included, the center yellow bar for the model with the first four runs, and

the right grey bar for the model using only the first two runs. Error bars indicate confidence
intervals and data points are plotted with size of the point indicating the number of participants

receiving each classification accuracy.

CoIRLSand Ridge Regression

Two repeated measure ANOVAs, one for each phase, were run on the average accuracy

classification values received during testing for each subject, where each ANOVA model factor

included three levels: CoIRLS, ridge regression with all subjects (Ridge Group), and ridge

regression with one subject (Ridge Single). The means and standard deviations of each model for

30



each phase are reported in Table 2. Neither ANOVA (tables 3 and 4) revealed significant effects,

indicating there was no difference in average subject test accuracy for any of the three models

(figure 8).

Table 2. The mean and standard deviation of the average test accuracy of each subject for each
model run for the Imagery Acquisition phase and Visual Acquisition phase data.

Imagery
Acquisition Mean

Imagery
Acquisition SD

Visual Acquisition
Mean

Visual Acquisition
SD

CoIRLS 0.5564516 0.1433513 0.5796371 0.1070959

Ridge Group 0.5645161 0.1655654 0.5826613 0.1109896

Ridge Single 0.6048387 0.1414504 0.5745968 0.1158733

Table 3. Repeated Measure ANOVA results for the Imagery Acquisition phase, testing average
subject test accuracy difference of the three models.

df Sum Sq Mean Sq F value p-value

Model 2 0.0417 0.02083 2.007 0.143

Subjects 30 1.416 0.04721

Error 60 0.6227 0.01038

Table 4. Repeated Measure ANOVA results for the Visual Acquisition phase, testing average
subject test accuracy difference of the three models.

df Sum Sq Mean Sq F value p-value

Model 2 0.00103 0.0005145 0.184 0.832

Subjects 30 0.9487 0.03162

Error 60 0.16774 0.002796
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a. b.

Figure 8. Bar plot and standard error bars of the average reported for each model (pink - CoIRLS,
green - Ridge False, blue - Ridge True) where the first column is values received during testing

and second column is values during training. The top row of each plot is the accuracy and bottom
row of each plot is loss. Error bars represent the standard error. A. Imagery Acquisition phase, b.

Visual Acquisition phase
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Conclusion

The curse of dimensionality is a major concern and limitation in progressing the analysis

of fMRI data. Machine learning techniques, such as MVPA, allow classification to be performed

on fMRI data but the need for a large number of trials and data to be input into the model to have

enough power for the model to perform means this technique is not accessible or possible for

many researchers. Not only is fMRI data collection expensive and limiting in the amount of time

a participant can contribute, but the cognitive process being investigated often does not lend to

the collection of many trials. In an fMRI data set in which a single experiment is performed by

multiple participants, the cognitive process manifests in neural activity that is, in part,

idiosyncratic to each participant and in part to neural activity that is similar across them. For

example, two participants retrieving the concept “dog” will evoke different distributed patterns

of activity in their brains, partly due to each participant having had unique experiences with the

word and creature being referred to, however, the visualization of a dog will activate

occipitotemporal cortex in both participants. Additionally, each participant will likely activate

similar features such as “snout” and “tail”. Domain adaptation refers to a class of machine

learning techniques designed to bias the models that are comprised of shared features rather than

idiosyncratic features to allow all datasets to be leveraged towards a single, well-powered model

which ideally fits each individual domain. This increases the amount of data and trials input,

thereby increasing the power of the model and its ability to classify trials.

Neuroimaging domain data is comprised of general subspace, specific subspace, and

noise which is introduced by the scan and an individual’s brain. Univariate fMRI analyses are

able to derive the important aspect of the data as it averages activation across participants for the

scan. Aggregating data over participants over time is not always the ideal route to test a
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hypothesis. The use of a technique such as ridge regression can lend to the reduction of the

excess signal as ridge shrinks the noise contributed by the scan, however, this analysis does not

reveal the shared structure or determine the idiosyncratic signal. The CoIRLS algorithm shrinks

the noise contributed by the scan and finds a set of weights that focuses on voxels that are shared

across subjects, reducing the difference in domains and specific subspaces. This technique

focuses on identifying the general subspace signal by minimizing the difference between

domains.

The CoIRLS algorithm accounts for multiple sources of varied activation in participants’

fMRI data while addressing the curse of dimensionality without aggregating across subjects. The

algorithm is not perfect, however, and has a major limitation to be aware of in cognitive

neuroimaging: the spatial link of voxels across subjects. Typically, fMRI data is analyzed across

a subset of spatially relevant voxels (i.e., whole brain or an ROI) after subject scans are oriented

to a standardized space, commonly MNI, which allows every subject’s brain to be defined within

the same boundaries from a set origin. While neural activity commonly occurs in concentrated

brain space, subject brains are not a 1:1 link of voxel activation (D’Esposito et al., 2003;

Handwerker et al., 2004; Kruggel & von Cramon, 1999), meaning that while fear may activate

the insula in both subjects, insula voxel A of subject 001 may not activate identically to insula

voxel A of subject 002. Brains being similar but not identical is why voxel activity is typically

assessed across a subset of spatially relevant voxels. CoIRLS is unable to follow activation across

spatially relevant voxels as in CoIRLS, voxels are individually weighted based on their

contribution to the classification and identifies voxels that correlate with a label across all

participants, thereby regressing out some voxels during training. Results may be impacted by

voxels being 1:1 linked across subjects. If a feature is unique to the target domain, it will be
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difficult to identify it since the source domain considers one dimension while the target domain

considers both dimensions. This limitation should be considered and mindful of in using the

algorithm. The use of domain adaptation and CoIRLS remains a considerable step forward in

fMRI analysis and the conclusions that can be drawn from the data, regardless of this limitation.

Additionally, retaining the voxel-to-voxel correspondence allows the localization of the resulting

function to be retained.

This dissertation found no significant differences in the ability of the CoIRLS algorithm to

classify CS+ versus CS- fear acquired to viewed or imagined stimuli than ridge regression, a

machine learning algorithm which uses the penalty lambda to reduce multicollinearity. The

comparisons of the CoIRLS and ridge regression algorithms in the fear conditioning study were

not found as anticipated, however, this does not mean the CoIRLS algorithm and domain

adaptation should be abandoned, particularly as the algorithm has been shown to be beneficial

and find shared representation across individuals (Zhou, 2022). The use of CoIRLS on this data

has informed that the representation within fear conditioning in the whole brain is too different to

be found in a shared subspace, meaning the representation either doesn’t exist or excluded

enough idiosyncratic signal that it is no longer able to be identified. The fear stimulus

representation in a whole brain search is too different across individuals. The algorithm is

beneficial depending on the data collected and the assumptions that are made. CoIRLS shares

assumptions that are required with univariate analyses, such as the anatomical alignment across

participants and the behavior of voxels. The assumptions made by CoIRLS are different from

univariate analyses in the way univariate analyses aggregates signal over the space and voxels.

The difference and similarities in assumptions being made when running the analyses indicate

the way information is represented is addressed in each analysis differently. Significant
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activation was found in the univariate analyses of the current study data, leading to the

impression that effects should be able to be decoded, but not only do different standards of

evidence give way to the signal detection in each analysis but additionally, cross-validation is

used in CoIRLS that is not included in univariate analyses. Not only may the spatial smoothing

of univariate analyses lend to finding the signal, but the cross-validation of CoIRLS may impact

the signal finding as the statistical effect may not be prominent with any given holdout set.

Future research will assess the use of CoIRLS in the current fear conditioning study using various

ROIs, such as the amygdala, insula, and visual cortex.

This dissertation has highly lent to the progress of domain adaptation and CoIRLS use in

cognitive fMRI research. The technical tutorial and GitHub of code make the CoIRLS algorithm

accessible and easy to use for studies that predict a stimulus representation of a signal can be

found in the shared subspace. Additionally, efforts of adapting the computer science-geared

information and understanding of the CoIRLS and domain adaptation workings into the

vocabulary of cognitive neuroscience will allow researchers to have a full understanding of how

the algorithm works and the assumptions that are made in using the algorithm. This will help

researchers know if the algorithm is fitting for their data and question at hand, rather than being

uncertain or having a misunderstanding of the process and what can be obtained with the results.
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Appendix A. CoIR Documents Created

CoIRLS Code

Utils.py

"""Collection of basic utility functions"""

import os

import itertools

import pandas as pd

import numpy as np

from typing import Iterable, List

def filter_matrix_by_set(row: pd.Series, var: str, by: str, set:

Iterable[str]):

""" Apply a filter to matrices in each row of a data frame

Parameters

----------

row: pd.Series

var: str

The name of a variable in the data frame containing a 2-D

array (matrix)

to be filtered row-wise.

by: str

The name of a variable in the data frame containing a 1-D

array or

column vector of values that will be used to define the

filter.

set: Iterable[str]

A set of values that exist in `by`.

Returns

-------

np.array

"""

return row[var][[x in set for x in row[by]], :]
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def load_npz_as_df(subjects: Iterable, roi: str, phase: str, exp:

str) -> pd.DataFrame:

"""Load npz files for a set of subjects as a data frame

The npz files this function is intended to load are generated by

PyMPVA, and

contain several objects:

- samples (voxels)

- sa.targets (+,-)

- sa.target_extra (trial type),

- sa.chunks (run)

Parameters

----------

subjects: Iterable

A list of participant ids.

roi: str

An ROI label.

phase: str

A phase label.

exp: str

An experiment label.

Returns

-------

pd.DataFrame

All 1-D arrays are forced to be column vectors

"""

d = pd.DataFrame(

{

"subject": subjects,

"filepath": [

os.path.join("data", "derivatives",

"00_roi_extraction", f"roi-{roi:s}", subj,

f"{subj:s}_phase-{phase:s}_exp-{exp:s}_roi-{roi:s}.npz")

for subj in subjects

]
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}

)

NpzFiles = [np.load(f) for f in d.filepath]

d["trial_types"] = [x["sa.target_extra"][:, np.newaxis] for x in

NpzFiles]

d["stimulus_cond"] = [x["sa.targets"][:, np.newaxis] for x in

NpzFiles]

d["runs"] = [x["sa.chunks"][:, np.newaxis] for x in NpzFiles]

d["voxels"] = [x["samples"] for x in NpzFiles]

[x.close() for x in NpzFiles]

return d

def allzeros_across_all_runs(d: pd.DataFrame):

runs = np.unique(d.runs_subset[0])

z = []

for i in runs:

z.extend([np.all(y[x.flatten() == i, :] == 0, axis=0) for x,y

in zip(d.runs_subset, d.voxels_subset)])

return np.any(np.array(z), axis=0).flatten()

def flatten_list(deep_list: List[List[object]]) -> List[object]:

return list(itertools.chain.from_iterable(deep_list))

Modeling.py

import numpy as np

import pandas as pd

from tqdm import tqdm, trange

from collections import namedtuple

from typing import Callable, Union, List

from sklearn.metrics import accuracy_score, log_loss

from kale.pipeline.multi_domain_adapter import CoIRLS
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DataCfg = namedtuple("DataCfg", ["target_field", "target_levels",

"data_field", "runs_field", "exclude_fold"])

Data = namedtuple("Data", ["X", "y", "C", "cv", "source",

"target_subject", "exclude_fold"])

HyperCfg = namedtuple("HyperCfg", ["alpha", "lambda_"])

Result = namedtuple("Result", ["target_subject", "cv_index",

"exclude_fold", "single", "acc_test", "acc_train", "loss_test",

"loss_train", "model_params", "model_weights"])

def cv_modelfit(fun: Callable[[Data, int], Result], d: pd.DataFrame,

single: bool, cfg: DataCfg, hyp: Union[HyperCfg,

List[List[HyperCfg]]]) -> pd.DataFrame:

results = []

for target_subject_index in trange(d.shape[0], desc="subject"):

if single:

data = pull_from_dataframe(d.iloc[[target_subject_index],

:], 0, cfg)

else:

data = pull_from_dataframe(d, target_subject_index, cfg)

cv_set = np.unique(data.cv[~data.source])

for cv_index in tqdm(cv_set, desc="cv", leave=False):

if isinstance(hyp, HyperCfg):

results.append(fun(data, cv_index, single, hyp))

else:

results.append(fun(data, cv_index, single,

hyp[target_subject_index][cv_index]))

return pd.DataFrame(results)

def cv_coirls(d: pd.DataFrame, single: bool, cfg: DataCfg, hyp:

HyperCfg) -> pd.DataFrame:

return cv_modelfit(run_coirls, d, single, cfg, hyp)

def cv_ridgels(d: pd.DataFrame, single: bool, cfg: DataCfg, hyp:
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HyperCfg) -> pd.DataFrame:

return cv_modelfit(run_ridgels, d, single, cfg, hyp)

def pull_from_dataframe(d: pd.DataFrame, target_subject_index: int,

cfg: DataCfg) -> Data:

y_str = np.concatenate(d[cfg.target_field].values, axis=0)

y = (y_str == cfg.target_levels[1]).astype(int)

cv = np.concatenate(d[cfg.runs_field].values, axis=0).flatten()

X = np.concatenate(d[cfg.data_field].values, axis=0)

sub_index = np.concatenate(

[[i]*x.shape[0] for i,x in enumerate(d[cfg.data_field])],

axis=0

)

C = np.identity(d.shape[0])[sub_index,:]

# Modify based on target subject (make sure target occupies

bottom rows)

target_subject = d.subject.iloc[target_subject_index]

min_cv = np.min(cv)

z_source = sub_index != target_subject_index

z_exclude = ((cv == cfg.exclude_fold) & ~z_source)

X = X[~z_exclude, :]

C = C[~z_exclude, :]

y = y[~z_exclude]

z_source = z_source[~z_exclude]

cv = cv[~z_exclude]

return Data(X, y, C, cv-min_cv, z_source, target_subject,

cfg.exclude_fold-min_cv)

def run_coirls(data: Data, cv_index: int, single: bool, hyp:

HyperCfg) -> Result:

clf_ = CoIRLS(alpha=hyp.alpha, lambda_=hyp.lambda_)

z_train = data.source | (data.cv != cv_index)

X = (data.X - data.X[z_train, :].mean(axis=0)) / data.X[z_train,

:].std(axis=0)

X_test = X[~z_train, :]
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X_train =X[z_train, :]

y_test = data.y[~z_train]

y_train = data.y[z_train]

X = np.concatenate([X_train, X_test], axis=0)

clf_.fit(X, y_train, data.C)

y_train_pred = clf_.predict(X_train)

y_test_pred = clf_.predict(X_test)

return Result(

data.target_subject,

cv_index,

data.exclude_fold,

single,

accuracy_score(y_test, y_test_pred),

accuracy_score(y_train, y_train_pred),

log_loss(y_test, y_test_pred),

log_loss(y_train, y_train_pred),

clf_.get_params(),

clf_.coef_.numpy()

)

def run_ridgels(data: Data, cv_index: int, single: bool, hyp:

HyperCfg) -> Result:

clf_ = CoIRLS(alpha=hyp.alpha, lambda_=hyp.lambda_)

z_train = data.source | (data.cv != cv_index)

X = (data.X - data.X[z_train, :].mean(axis=0)) / data.X[z_train,

:].std(axis=0)

X_test = X[~z_train, :]

X_train =X[z_train, :]

y_test = data.y[~z_train]

y_train = data.y[z_train]

C = np.ones([len(y_train), 1])

clf_.fit(X_train, y_train, C)

y_train_pred = clf_.predict(X_train)

y_test_pred = clf_.predict(X_test)

return Result(

data.target_subject,
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cv_index,

data.exclude_fold,

single,

accuracy_score(y_test, y_test_pred),

accuracy_score(y_train, y_train_pred),

log_loss(y_test, y_test_pred),

log_loss(y_train, y_train_pred),

clf_.get_params(),

clf_.coef_.numpy()

)

Datacheck.py

import numpy as np

from lb_dissertation.utils import load_npz_as_df

import pandas as pd

import os.path

phase = "B"

experiment = "task"

roi = "whole_bin"

target_levels = ("csp", "csm")

targets_label = "_".join(target_levels)

subj_df = pd.read_csv("participants.tsv", sep='\t')

subjects = subj_df["participant_id"]

d = load_npz_as_df(subjects, roi, phase, experiment)

for i in d['voxels']:

for j in range(0,31):

#print(d.loc[j]['subject'])

if (len(d['voxels'][j]) != 72): print("trials")

zerovals = np.all(d['voxels'][j], axis = 0)

if (zerovals == True).all(): print(d.loc[j]['subject'] + "_"

+ str(j) + "_" + "zero")

for k in range(0, 72):

fvals = len(d['voxels'][j][k])

fn = np.isnan(d['voxels'][j][k])
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if (fn == True).any(): print(d.loc[j]['subject'] + "_" +

str(j) + "_" + "null")

if (fvals != 193130): print(d.loc[j]['subject'] + "_" +

str(j) + "_" + "length voxs")

01_apply_roi.py

import numpy as np

from lb_dissertation.utils import load_npz_as_df

import pandas as pd

import os.path

phase = "B"

experiment = "task"

roi = "whole_bin"

target_levels = ("csp", "csm")

targets_label = "_".join(target_levels)

subj_df = pd.read_csv("participants.tsv", sep='\t')

subjects = subj_df["participant_id"]

d = load_npz_as_df(subjects, roi, phase, experiment)

for i in d['voxels']:

for j in range(0,31):

#print(d.loc[j]['subject'])

if (len(d['voxels'][j]) != 72): print("trials")

zerovals = np.all(d['voxels'][j], axis = 0)

if (zerovals == True).all(): print(d.loc[j]['subject'] + "_"

+ str(j) + "_" + "zero")

for k in range(0, 72):

fvals = len(d['voxels'][j][k])

fn = np.isnan(d['voxels'][j][k])

if (fn == True).any(): print(d.loc[j]['subject'] + "_" +

str(j) + "_" + "null")

if (fvals != 193130): print(d.loc[j]['subject'] + "_" +

str(j) + "_" + "length voxs")
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02_fit_models.py

import pandas as pd

import os.path

from itertools import product

from lb_dissertation.utils import load_npz_as_df,

filter_matrix_by_set, allzeros_across_all_runs

from lb_dissertation.modeling import cv_coirls, cv_ridgels, DataCfg,

HyperCfg

from itertools import product

phase = "B"

experiment = "task"

roi = "whole_bin"

target_levels = ("csp", "csm")

targets_label = "_".join(target_levels)

subj_df = pd.read_csv("participants.tsv", sep='\t')

subjects = subj_df["participant_id"]

alpha_set=[.001, .01, 1, 10, 100, 500, 1000]

# , .01, 1, 10, 100, 500, 1000

lambda_set=[.001, .01, 1, 10, 100, 500, 1000]

d = load_npz_as_df(subjects, roi, phase, experiment)

# Filter arrays within each row

for var in ["trial_types", "stimulus_cond", "runs", "voxels"]:

d[f"{var:s}_tmp"] = d.apply(

filter_matrix_by_set,

var = var,

by = "stimulus_cond",

set = target_levels,

axis = 1

)

for var in ["trial_types_tmp", "stimulus_cond_tmp", "runs_tmp",

"voxels_tmp"]:

lab = var.replace("_tmp", "")
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d[f"{lab:s}_subset"] = d.apply(

filter_matrix_by_set,

var = var,

by = "trial_types_tmp",

set = ("image", "view"),

axis = 1

)

z = allzeros_across_all_runs(d)

d.voxels_subset = [x[:,~z] for x in d.voxels_subset]

d = d.drop(["trial_types_tmp", "stimulus_cond_tmp", "runs_tmp",

"voxels_tmp"], axis = 1)

cfg = DataCfg(target_field="stimulus_cond_subset",

target_levels=target_levels, data_field="voxels_subset",

runs_field="runs_subset")

HyperCfgs =[HyperCfg(alpha=x, lambda_=y) for x,y in

product(alpha_set, lambda_set)]

r = []

for hyp in HyperCfgs:

r.append(cv_coirls(d, False, cfg, hyp))

r[-1].loc[:, "model_type"] = "coirls"

r[-1].loc[:, "cfg"] = [cfg]*r[-1].shape[0]

r[-1].loc[:, "hyp"] = [hyp]*r[-1].shape[0]

HyperCfgs =[HyperCfg(alpha=x, lambda_=y) for x,y in

product(alpha_set, [0])]

for hyp in HyperCfgs:

r.append(cv_ridgels(d, True, cfg, hyp))

r[-1].loc[:, "model_type"] = "ridgels"

r[-1].loc[:, "cfg"] = [cfg]*r[-1].shape[0]

r[-1].loc[:, "hyp"] = [hyp]*r[-1].shape[0]

r.append(cv_ridgels(d, False, cfg, hyp))

r[-1].loc[:, "model_type"] = "ridgels"

r[-1].loc[:, "cfg"] = [cfg]*r[-1].shape[0]

r[-1].loc[:, "hyp"] = [hyp]*r[-1].shape[0]
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R = pd.concat(r)

R.drop(["model_params", "model_weights", "cfg"], axis=1).to_csv(

os.path.join("results",

f"phase-{phase:s}_exp-{experiment:s}_roi-{roi:s}_dv-{targets_label:s}

_hyperconfigs-coir.csv")

)

R.to_pickle(

os.path.join("results",

f"phase-{phase:s}_exp-{experiment:s}_roi-{roi:s}_dv-{targets_label:s}

_hyperconfigs-coir.pkl")

)

print(R)
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Appendix B. Domain Adaptation and CoIR Guide

https://lburleigh.github.io/da-guide/ 48
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Appendix C. Hyperparameter Search for Each Subject
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