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1. Introduction 

1.1. Background  

1.1.1. Major Depressive Disorder (MDD) 

Major depressive disorder (MDD), also often referred to just as depression, is one of the 

most common mental disorders worldwide. It involves symptoms such as persistent 

sadness, loss of interest and enjoyment, decreased energy, poor concentration, changes in 

appetite or weight, sleep disturbances, hopelessness about the future, as well as even 

thoughts about dying and suicide, disrupting daily activities and psychosocial functions. 

Different from regular mood fluctuations, people with MDD usually experience a 

depressed mood for long periods, at least two weeks according to the Diagnostic and 

Statistical Manual of Mental Disorders (DSM-5) (American Psychiatric Association, 

2013) criteria for a diagnosis of MDD. It significantly impacts individuals' quality of life, 

contributing to increased disability and mortality rates. 

According to the estimation of the World Health Organization (WHO) published in 2017 

(World Health Organization, 2017), over 300 million people in the world suffer from 

depression, accounting for 4.3% of the global population, with a higher rate observed in 

women (5.1%) than in men (3.6%). Results from the European Health Interview Survey 

(EHIS) 2 (Hapke et al., 2019) demonstrated that the prevalence of depression in Germany 

(9.2%) is higher than the European average (6.6%). Culture-specific comparisons are 

worthy of attention as well, e.g., between Germany and China: In a study by Li et al. 

(2023) investigating the influence of perceived stress and income on mental health among 

general population in China and Germany found that a higher proportion of participants 

in Germany (60.3%) reported mental health issues compared to those in China (44.8%). 

Interestingly, low-income individuals reported poorer mental health in Germany than 

those in China, whereas the situation was reversed when incomes were high: individuals 

with a high income reported poorer mental health in China than in Germany.  

Depression causes not only massive human suffering and a decline in quality of life but 

also an extreme global economic burden. In the Global Burden of Disease (GBD) 2017 

study (James et al., 2018), depression has prevailed as the third leading cause of years 

lived with disability (YLDs) globally for nearly three decades. According to an analysis 

based on the German Health Interview and Examination Survey for Adults in 2021 

(König et al., 2021), the total health care cost of MDD individuals was more than twice 

as much as that of individuals without MDD, and excess costs amounted to €5,047 / year. 
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It is not less on the economic costs of depression in China as well. In 2018, one estimation 

(Hsieh & Qin, 2018) of the medical cost attributable to depression and depressive 

symptoms among the adult population indicated that depression and depressive symptoms 

contributed to 6.9% and 7.8% of total personal expected medical spending in China. 

The COVID-19 pandemic also has had a profound impact on mental health globally 

(United Nations, 2020; https://unsdg.un.org/resources/policy-brief-covid-19-and-need-

action-mental-health) (Duan et al., 2020). The GBD 2020 (Santomauro et al., 2021) 

estimated that the COVID-19 pandemic has led to a 27.6% increase (95% uncertainty 

interval (UI): 25.1–30.3) in cases of MDD worldwide in 2020. On the other hand, the 

pandemic was estimated to have caused 137.1 (95% UI: 92.5–190.6) additional disability-

adjusted life years (DALYs) per 100,000 population for MDD (Scientific brief, 2022; 

https://www.who.int/publications/i/item/WHO-2019-nCoV-Sci_Brief-Mental_health-

2022.1). These data highlight an increasing trend in depression prevalence due to various 

socio-economic factors, lifestyle changes, and the lingering impact of the COVID-19 

pandemic.  

Multiple pieces of evidence showed that the prevalence of depression adversely affects 

the role functioning, the quality of life and the social development (Kessler & Bromet, 

2013; Wittchen et al., 2000). For example, the divorce rate among depressed individuals 

is higher than that among non-depressed individuals (Wade & Cairney, 2000). Parental 

depression may have effects and risks on offspring (Joormann et al., 2009). More 

importantly, epidemiological studies show that MDD is a highly prevalent (Ferrari et al., 

2013), highly recurrent (Mueller et al., 1999), and potentially lifelong chronic disorder 

(Kessing et al., 2004). Even before the emergence of the COVID-19 pandemic, tackling 

the increased mental health burden has been presenting pressing challenges in most 

countries (Ferrari, 2022; Vos et al., 2020). Given such significant personal and social costs 

of depression, risk factors and underlying mechanisms should be identified, and effective 

treatments and mitigation strategies should be incorporated into mental disorder 

intervention measures to strengthen mental health systems.  

Importantly, extensive research highlights the critical role of emotion regulation, 

especially cognitive processes, in MDD (Gotlib & Joormann, 2010; Joormann & Quinn, 

2014; Park et al., 2019; Visted et al., 2018). Cognitive theories and models of depression 

posit that emotional dysfunction in MDD is associated with biased cognitive processing 

and impaired regulation of affective stimuli (Beck, 2002). Studies also confirm that 

individuals with MDD rely more on maladaptive emotion regulation strategies while 

https://unsdg.un.org/resources/policy-brief-covid-19-and-need-action-mental-health
https://unsdg.un.org/resources/policy-brief-covid-19-and-need-action-mental-health
https://www.who.int/publications/i/item/WHO-2019-nCoV-Sci_Brief-Mental_health-2022.1
https://www.who.int/publications/i/item/WHO-2019-nCoV-Sci_Brief-Mental_health-2022.1
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employing fewer adaptive strategies, contributing to prolonged depressive states (Aldao 

et al., 2010; Campbell-Sills et al., 2006; D’Avanzato et al., 2013; Garnefski & Kraaij, 

2006). Emotional dysregulation, as an important factor leading to depressive episodes and 

relapses (Kovacs et al., 2008), is of great significance to enhancing our understanding of 

depression and has been recognized as a promising target for treatment interventions 

(Saccaro et al., 2024).  

1.1.2. Emotion regulation and cognitive reappraisal 

Emotion regulation (ER) involves the strategic and automatic processes that shape 

emotional responses and how emotions are experienced and expressed to match 

situational demands and personal goals (Diamond & Aspinwall, 2003; Gross & 

Thompson, 2007). As inherently social beings, individuals must continuously adjust their 

emotions to navigate environmental and interpersonal challenges (Gross et al., 2006; 

Morris & Reilly, 1987; Rippere, 1977). ER plays a fundamental role throughout an 

individual's development, impacting mental health and social functioning across the 

lifespan (Arnett, 2000; Conley et al., 2014; Eisenberg et al., 2010; O’Connor et al., 2011; 

Riediger & Luong, 2015). Given its profound influence on daily life and social well-being, 

ER has become one of the most widely studied concepts in the psychological field.  

What do people do when they try to change their emotions? And are some emotion 

regulation strategies more effective and adaptive than others? Attempts to regulate 

emotions are so common that theoretical and empirical analyses of emotion regulation 

have gradually evolved into a distinct field of research (Campos et al., 1989; Cole et al., 

2004; Izard, 1990; Thompson, 1991, 1994). The process model of emotion regulation 

(Gross, 1998, 2015) is the most prominent theoretical model of emotion regulation in 

psychology to date (Webb et al., 2012) and provides a helpful organizational scheme to 

explain the mechanisms of emotion regulation. It involves strategies deployed at different 

stages of the emotion-generative process, organized into five families (Gross, 2015), 

including situation selection (Avoidance), situation modification (Direct request), 

attentional deployment (Distraction, Rumination), cognitive change (Cognitive 

reappraisal, Acceptance), and response modulation (Expressive suppression, 

Physiological intervention). This process encompasses conscious/explicit or 

unconscious/implicit regulation, involving a complex interplay between automatic and 

controlled processes (Braunstein et al., 2017; Gyurak et al., 2011), and can be driven by 

both internal (intrinsic regulation) (Eisenberg et al., 2010; Gross & John, 2003) and 

external (extrinsic regulation) (Nozaki & Mikolajczak, 2020; Zaki & Williams, 2013) 
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cues as well as in group contexts (Goldenberg et al., 2016; Porat et al., 2020), which 

represents emotion regulation can be influenced by individual differences and 

environmental contexts. 

Cognitive reappraisal and expressive suppression are two core strategies that may have 

the potential to impact social and emotional functioning and are widely studied in the 

literature (Brockman et al., 2017; Cutuli, 2014; Gross, 2002; Haga et al., 2009; Moore et 

al., 2008). According to the process model of emotion regulation, cognitive reappraisal, 

occurring at the cognitive change stage, is thought of as an antecedent-focused and 

conscious strategy that intervenes before an emotional response and alters the emotional 

course. In contrast, expressive suppression, occurring at the response modulation stage, 

is referred to as a response-focused strategy that activates after an emotional response and 

thereby modifies only behavioral expression while suppressing emotional expression 

(Gross, 1998, 2002; Gross & John, 2003). Findings indicate that expressive suppression 

mainly focuses on reducing emotional expression instead of the subjective feeling of 

emotion, resulting in the cost of increased physiological responding and memory 

impairment (Richards & Gross, 1999, 2000, 2006; Roberts et al., 2008), whereas 

cognitive reappraisal was found to effectively reduce both expression and experience of 

negative emotion without negative effects on physiology and memory (Gross, 1998, 

2002). Expressive suppression is usually seen as a maladaptive emotion regulation 

strategy, as it is usually associated with negative outcomes in emotional experience, social 

relationships, and life satisfaction, while cognitive reappraisal is generally regarded as an 

adaptive strategy, since it shows more benefits in terms of quality of life, self-esteem, 

optimism, and environmental control (Brewer et al., 2016; Gross & John, 2003; Haga et 

al., 2009; Hu et al., 2014; Moore et al., 2008).  

Cognitive reappraisal refers to modifying one’s interpretations of a potentially emotion-

eliciting situation to alter its emotional impact, thereby reducing negative emotional 

responses or enhancing positive ones (Gross, 2002). For instance, after a disappointing 

shopping experience, one might focus on the positive aspect of getting outdoors in good 

weather, thereby alleviating negative feelings. Siemer et al. (2007) illustrates us how 

appraisal shapes our emotions and emphasizes the importance of reappraisal strategy. 

Studies demonstrate that reappraisal consistently leads to expected changes across various 

emotion indicators, including self-reported emotions (Gross, 1998, 2002; Gross & John, 

2003; Ray et al., 2010), peripheral physiological response (Denson et al., 2011; Dillon & 

LaBar, 2005; Jackson et al., 2000; Ray et al., 2010), and neural activity associated with 
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emotional processing (Hajcak & Nieuwenhuis, 2006; Shahane et al., 2019). Research 

using ecological momentary assessment (EMA) confirms that reappraisal in natural 

settings is generally consistent with laboratory findings (Colombo et al., 2020). Due to its 

effectiveness in promoting psychological resilience, cognitive reappraisal has become 

one of major focuses in emotion regulation research (McRae & Gross, 2020).  

Given its important impact on mental health, emotion regulation has also become a central 

interest in the field of psychopathology (Aldao et al., 2010; Compas et al., 2017; Kring 

& Bachorowski, 1999; D. Mennin & Farach, 2007; Sheppes et al., 2015), a large 

proportion of which is characterized by emotion dysregulation (Barlow, 1991; Eisenberg 

et al., 2010; Gratz & Roemer, 2004; Gross & Muñoz, 1995), such as major depression 

disorder (Park et al., 2019; Rottenberg et al., 2005; Visted et al., 2018), social anxiety 

disorder (Kashdan & Breen, 2008; Mennin et al., 2007; Watson, 2005), generalized 

anxiety disorder (Mennin, 2004; Roemer et al., 2008), bipolar disorder (Johnson, 2005), 

and borderline personality disorder (Linehan, 1993; Lynch et al., 2007). Furthermore, 

various therapeutic approaches, including cognitive behavioral therapy (Beck & Dozois, 

2011; Kazantzis et al., 2018; Linehan, 1993), dialectical behavioral therapy (Lynch et al., 

2007), emotion-focused therapy (Greenberg, 2004), acceptance and commitment therapy 

(Hayes & Pierson, 2005), mindfulness-based therapy (Kocovski & MacKenzie, 2016; 

Sipe & Eisendrath, 2012), and emotion regulation therapy (Mennin, 2004, 2006), were 

also incorporated into psychopathology to emphasize improving emotion regulation to 

treat mental disorders. Undeniably, the ability to successfully regulate emotional 

responses to aversive events is a prerequisite for maintaining mental health, fostering 

positive social functioning, and enhancing overall well-being.  

Notably, cognitive reappraisal skills have been included as one of the treatment processes 

of cognitive behavioral therapy (CBT) (Kazantzis et al., 2018), which is the fastest 

growing and most actively researched psychotherapeutic approach that has demonstrated 

long-term effectiveness in treating and preventing relapse of psychiatric disorders, 

especially MDD (Beck & Dozois, 2011; Butler et al., 2006; Hollon et al., 2021). While 

cognitive reappraisal is an effective strategy, its implementation can be challenging. The 

success and frequency of cognitive reappraisal can be influenced by both personal factors, 

such as mental flexibility and baseline emotional regulation capacity (Gross & John, 

2003), and environmental factors like emotional intensity (Shafir et al., 2015). 

Furthermore, individuals with depression often struggle to apply reappraisal strategies 

spontaneously in daily life (Ehring et al., 2010). In response to these challenges, 
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supportive methods has been developed to close the distance between theoretical 

understanding and real-life application, such as web-based regular cognitive reappraisal 

training programs for depression by incorporating peer feedback to enhance learning 

(Morris et al., 2015). Real-time fMRI neurofeedback is emerging as a more specific, 

innovative neuroscience-based intervention to enhance monitoring of emotion regulation 

processes (Paret & Hendler, 2020), with evidence suggesting that even a single session 

could improve the transfer of learned skills to real-world situations in patients with 

depression (MacDuffie et al., 2018). These technological advancements offer promising 

support for the alleviation of emotion dysregulation and more precise clinical intervention, 

particularly for individuals with MDD.  

1.1.3. Real-time fMRI neurofeedback (rt-fMRI NF) 

Neurofeedback is a non-invasive neuromodulation technique that enables individuals to 

observe and regulate their brain activity in real time by providing feedback on neural self-

regulation performance, usually in the form of visual or auditory signals (e.g., a moving 

bar, thermometer, or other visual or auditory cues representing the activity level), to 

facilitate changes in brain function, cognition, or behavior (Sitaram et al., 2017). Going 

beyond traditional functional neuroimaging methods, neurofeedback provides a dynamic 

paradigm for exploring the relationship between brain activity and behavior, allowing for 

the manipulation of neural activity in specific regions, functional connections, and 

spatiotemporal patterns as an independent variable to establish causal links, making it a 

powerful neuroscientific tool and demonstrating its promising potential in the 

intervention and treatment of mental disorders (Sitaram et al., 2017). Additionally, 

neurofeedback, as a form of endogenous neural stimulation, minimizes safety concerns 

and side effects associated with other therapeutic brain stimulation such as transcranial 

magnetic stimulation (TMS), electroconvulsive therapy (ECT), vagal nerve stimulation 

(VNS) and deep brain stimulation (DBS) (Cusin & Dougherty, 2012; Mutz et al., 2019; 

Rossi et al., 2009; Sackeim et al., 2007), promoting beneficial psychophysiological and 

psychosocial outcomes, underscoring its value as an innovative therapeutic approach.  

Functional magnetic resonance imaging (fMRI) is an important neuroimaging method 

that measures brain activity by detecting changes in blood flow and oxygenation, 

providing insights into neural function and connectivity (Kwong et al., 1992). Building 

on the foundational development of fMRI, Cox et al. (1995) introduced a real-time fMRI 

(rt-fMRI) system, which provides image processing as fast as image acquisition, making 

fMRI-based neurofeedback possible and significantly advancing the field of 
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neurofeedback research (Weiskopf, 2012; Weiskopf et al., 2003). Compared to other 

neuroimaging modalities for neurofeedback like electroencephalography (EEG; Omejc et 

al., 2018; Patil et al., 2023), magnetoencephalography (MEG; Okazaki et al., 2015), and 

functional near-infrared spectroscopy (fNIRS; Kober et al., 2014), rt-fMRI NF offers 

significant advantages for brain activity modulation, including comprehensive whole-

brain coverage that facilitates detailed delineation of cortical and subcortical target 

regions, and high spatial resolution on the scale of millimeters, which is extremely 

valuable for neurofeedback applications (Emmert et al., 2016; Thibault et al., 2018; 

Weiskopf et al., 2007).  

In the past years, there have been numerous studies reporting the successful applications 

of rt-fMRI neurofeedback in inducing cognitive and behavioral changes (Paret et al., 2019; 

Sulzer et al., 2013) and demonstrating its positive promise as a supplementary treatment 

for various neurological disorders (Pindi et al., 2022; Stoeckel et al., 2014; Taschereau-

Dumouchel et al., 2022), such as depression (Linden et al., 2012; Young et al., 2014), 

schizophrenia (Ruiz et al., 2013), posttraumatic stress disorder (PTSD) (Misaki et al., 

2019; Nicholson et al., 2017; Zotev et al., 2018), Parkinson's disease (Subramanian et al., 

2011), substance use disorder (Murphy et al., 2024), personality disorder (Babaskina et 

al., 2023), nicotine addiction (Canterberry et al., 2013; X. Li et al., 2013; Martz et al., 

2020), chronic pain (deCharms et al., 2005), tinnitus (Haller et al., 2010) and stroke 

(Sitaram et al., 2012; T. Wang et al., 2018). Besides, by integrating NF into therapeutic 

approaches like CBT as a neuroscience-based intervention (MacDuffie et al., 2018), rt-

fMRI neurofeedback is becoming an increasingly clinical neurotherapeutic tool in 

diagnosing, tracking, monitoring and treating of mental disorder diseases.  

Beyond traditional ROIs-based neurofeedback in most related studies, emerging new 

technical developments in rt-fMRI NF enable more precise modulation of complex neural 

processes, such as network-level functional connectivity and spatiotemporal brain activity 

patterns (Watanabe et al., 2018). One such innovative approach is functional connectivity-

based neurofeedback (FCNef) technique, which allows individuals to regulate functional 

brain networks and shows potential in improving abnormal connectivity patterns 

associated with psychiatric conditions (Koush et al., 2015). It employs two primary 

methods: dynamic causal modeling (DCM)-based neurofeedback (Koush, Rosa, et al., 

2013; Koush et al., 2015) and correlation-based neurofeedback (Megumi et al., 2015; 

Yamashita et al., 2017). Another cutting-edge technique, decoded neurofeedback 

(DecNef), employs multivariate analysis to induce specific activation patterns across 
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multiple voxels within a circumscribed target region, offering higher spatial precision 

compared to the overall average activation levels (LaConte et al., 2007; Shibata et al., 

2019). These advancements help to deepen our understanding of the causal relationship 

between neural modifications and behavior changes and have great potential for 

interventions in psychiatric disorders that may be caused by abnormalities in neural 

connectivity or brain functions, significantly advancing both basic neuroscience research 

and clinical applications.  

Substantial progress in rt-fMRI neurofeedback has demonstrated its utility as a novel 

method for investigating brain neuroplasticity and clinical investigation. Nevertheless, 

the advancement and application of neurofeedback technology require the combination 

with a more detailed and comprehensive understanding of its underlying neural 

mechanisms, which also raises higher demands on the analysis methods of fMRI data. To 

achieve this, sophisticated analytical methods such as multivariate pattern analysis 

(MVPA) have been increasingly applied to fMRI data analysis to enhance our ability to 

decode complex neural activities, providing more possibilities for the development of 

new clinical markers and practical solutions for disorder and disease.  

1.1.4. Multivariate Pattern Analysis (MVPA) in fMRI 

Functional magnetic resonance imaging (fMRI) exploiting blood-oxygen-level-

dependent (BOLD) contrasts to map neural activity associated with a variety of brain 

functions has become an indispensable tool in human cognitive neuroscience (Chen & 

Glover, 2015). Traditional analysis approach of fMRI primarily relies on mass univariate, 

model-based statistical inference, mostly using general linear model (GLM) to assess 

task-related brain activation modulation on each individual voxel and then applying 

hypothesis testing (Friston et al., 1994), which has been tremendously productive. 

However, this approach is limited on its univariate assumption and neglected substantial 

information distributed across voxels (i.e., recognizing distinct brain activity patterns 

associated with different cognitive states) and the continuous dynamics of neural activity 

during the task (Cohen et al., 2017). Multivariate (or multi-voxel) pattern analysis (MVPA) 

(Norman et al., 2006), a novel analytical approach to fMRI data, aims to reveal 

information encoded in the activation pattern and enables the detection of subtle and 

distributed neural representational content that may be missed by univariate methods 

(Coutanche, 2013; Jimura & Poldrack, 2012), which is extremely appropriate and 

advantageous for fMRI data that is mainly characterized by high dimensionality and 

complexity, especially in cases where individual voxels do not exhibit significant changes 
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(Haynes & Rees, 2006; Mur et al., 2009; Naselaris et al., 2011). MVPA enhances fMRI 

data analysis by offering greater sensitivity in detecting mental representations and 

tracking cognitive states (Norman et al., 2006), enabling researchers to mine richer 

information about cognitive processes and understand brain function in more detail.  

The seminal work by Haxby et al. (2001) played a crucial role in introducing MVPA to 

the field, although it was just conducted by correlation analysis at the beginning. Their 

study demonstrated that patterns of activity across multiple voxels could be used to 

decode specific cognitive states, such as recognizing whether a person was viewing faces 

or objects. Following the development of multivariate methods, several significant 

advancements for analyzing human neural activity has been gradually incorporated into 

MVPA to enhance brain decoding capabilities, allowing researchers to extract deeper 

insights from neuroimaging data (Haxby et al., 2014). The most common form of MVPA 

is to apply machine learning algorithms to train classifiers to distinguish patterns of neural 

activity associated with different stimuli, cognitive states, behaviors or other variables of 

interest and use classification accuracy as a performance indicator (Cox & Savoy, 2003; 

O’Toole et al., 2007). Machine learning researchers have developed a variety of 

classification algorithms that have the potential to be used in MVPA. Most fMRI studies 

have used linear classifiers, including correlation-based classifiers (Haxby et al., 2001; 

Spiridon & Kanwisher, 2002), neural networks without a hidden layer (Polyn et al., 2005), 

linear discriminant analysis (Carlson et al., 2003; Haynes & Rees, 2005a, 2005b; O’Toole 

et al., 2005), linear support vector machines (SVMs; Cox & Savoy, 2003; Kamitani & 

Tong, 2005; Laconte et al., 2005; Mitchell et al., 2004), and Gaussian Naive Bayes 

classifiers (Mitchell et al., 2004; Valdés-Sosa et al., 2020), with a few studies using 

nonlinear classifiers, such as nonlinear support vector machines (Cox & Savoy, 2003; 

Davatzikos et al., 2005) and neural networks with hidden layers (Hanson et al., 2004). 

These techniques involve training a classifier on subsets of data to identify cognitive 

states, followed by testing it on independent datasets to measure accuracy, often with 

cross-validation to improve estimates of the true classification accuracy (Pereira et al., 

2009).  

This classification can be performed on subsets of voxels, such as regions of interest 

(ROIs) in traditional activation-based methods, or on the entire brain. Besides, searchlight 

analysis, which is also widely used in fMRI studies (Etzel et al., 2013), provides an 

unbiased way to map a wider range of distributed voxels for classification, which enables 

continuous information-based functional mapping throughout the whole volume using a 
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searchlight, helping us define where in the brain the local activity pattern changes 

(Kriegeskorte et al., 2006). To further refine the spatial precision of pattern localization, 

a cortical surface-based searchlight technique was also proposed, which can reduce noise 

from non-gray matter areas and more precisely define the neighborhood of voxels through 

the cortical geodesic distance metric (Chen et al., 2011). Compared to the standard 

volumetric searchlight technique, the surface-based method offers greater spatial 

specificity and sensitivity for mapping local information content, while maintaining 

comparable peak significance values (Oosterhof et al., 2011).  

In addition to multivariate pattern classification, the development of other neural activity 

decoding methods, such as representational similarity analysis (RSA), hyperalignment, 

and stimulus-model-based encoding and decoding, has also significantly advanced 

MVPA and introduced the concept of high-dimensional representational space as a 

common framework (Haxby et al., 2014). In this common concept, brain activity patterns 

are represented as vectors in the representational space, with their elements (or known as 

features) serving as dimensions of the space. Multivariate pattern classification uses 

machine learning methods to define decision boundaries in a neural representational 

space and simply demonstrates the reliably discriminating locations of pattern response 

vectors, whereas RSA evaluates the similarity of response patterns by measuring 

distances between vectors (the proximity of these vectors to each other) in the 

representational space, enabling cross-comparisons across subjects, brain regions, species, 

measurement modalities, and even between biological brains and computational models 

(Connolly et al., 2011, 2012; Kriegeskorte, 2008; Kriegeskorte et al., 2008). 

Hyperalignment uses high-dimensional rotation algorithms to align individual 

representational spaces into a common model representational space, addressing the 

question of whether the population responses in different brains use the same or 

idiosyncratic codes (Haxby et al., 2011). Stimulus-model-based methods extend neural 

decoding to novel stimuli by predicting the neural response to stimulus features in the 

stimulus feature space (rather than to whole stimuli), allowing correct classification of 

neural response vectors to new stimuli (Kay et al., 2008). These advancements have 

further expanded the utility of MVPA in exploring the complexities of brain function and 

understanding the underlying neural representations.  

The emergence of MVPA represents a major breakthrough in cognitive neuroscience, 

shifting the focus from analyzing isolated brain regions to examining distributed patterns 

of neural activity, which has deepened our understanding of how the brain encodes 
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information. To facilitate its application, neural decoding researchers have gradually 

developed a series of multivariate data analysis toolboxes, such as PyMVPA (Hanke et 

al., 2009), Pattern Recognition of Neuroimaging Toolbox (PRoNTo) (Schrouff et al., 

2013), The Decoding Toolbox (TDT) (Hebart et al., 2015), CoSMoMVPA (Oosterhof et 

al., 2016), MVPA-Light (Treder, 2020), MVPANI (Peng et al., 2020), and even dMVPA 

(Kuntzelman et al., 2021) based on deep learning, to help neuroscientists more 

conveniently and efficiently apply complex multivariate analysis methods in 

neuroimaging studies. MVPA is evolving as well, with ongoing research focusing on 

improving algorithms (Mourão-Miranda et al., 2007; Ontivero-Ortega et al., 2017), 

combining with other techniques (e.g., rt-fMRI neurofeedback) (Andersson et al., 2012; 

LaConte et al., 2007; Lee et al., 2019; Shibata et al., 2019; Sitaram et al., 2011), and 

expanding its applications to different clinical areas such as neurodevelopment (Bray, 

2009), aging (Carp et al., 2011), and psychiatric disorders (Y. Chen et al., 2024; Cisler et 

al., 2015; Coutanche et al., 2011; Drucaroff et al., 2020; Gärtner et al., 2018; Reavis et 

al., 2017; Yoon et al., 2008).  

1.2. Literature Review 

1.2.1. Cognitive processes in MDD 

Major Depressive Disorder (MDD) is one of the most prevalent psychiatric disorders; it 

is characterized by sustained negative affect and anhedonia (American Psychiatric 

Association, 2013). To explore the etiology and functioning of depression, several 

cognitive models have been developed to explain the role of cognitive processes in the 

disorder (Beck, 2002). Notably, Beck (Beck, 1967, 1976) proposed the earliest explicit 

cognitive theory, suggesting that cognitive biases in processing information and 

environmental stimuli play a significant role in the onset, maintenance, and recurrence of 

depressive episodes. Abnormal cognitive processes can lead individuals to interpret 

situations negatively by interfering with effective emotion regulation, which reinforces 

depressive thoughts and feelings, contributing to the persistence of depression. A better 

understanding of the nature and role of depressive cognitions promise to advance 

theoretical models of depression and improve treatments approaches for this disorder 

(Beck, 2008).  

Joormann and his colleagues (Gotlib & Joormann, 2010; Joormann & Quinn, 2014) 

reviewed research on cognitive processes in depression, which may help understand 

affective symptoms of this disorder, including cognitive biases in perception, attention, 

interpretation, and memory, as well as deficits in cognitive control. For instance, studies 
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using an eye-tracking approach to measure attentional bias found that individuals with 

depressive disorder spend significantly more time fixating on dysphoric images than the 

control group, which suggests that depressed participants selectively attend to mood-

congruent material and have specific difficulties disengaging their attention from negative 

stimuli (Eizenman et al., 2003; Sanchez et al., 2013; Sears et al., 2011), even after they 

recovered from a depressive episode (Joormann & Gotlib, 2007). Several studies indicate 

that individuals with depression tend to interpret ambiguous information negatively and 

the degree of negative interpretive bias is highly associated with depression severity 

(Everaert, 2021; Hindash & Amir, 2012; Lawson et al., 2002; Lawson & MacLeod, 1999; 

Lee et al., 2016). A meta-analysis examining mood-congruent memory across various 

mood states (Matt et al., 1992) shows that normal non-depressed individuals show a 

positive recall bias, whereas sub-clinically depressed individuals recall positive and 

negative material symmetrically. Further, clinical and induced depressive as well as 

potentially induced- related individuals exhibit mood-congruent recall. In addition, 

deficits in cognitive control may be considered a contributing factor to attention or 

memory biases (Hertel, 1997). Effective emotion regulation often requires the capacity to 

control mood-congruent representations in working memory (WM), a process that also 

relies on cognitive control (Siemer, 2005). From this perspective, cognition may play a 

critical role in the functional impairments of depression and may serve as a primary 

pathway for emotion regulation.  

Cognitive processes may not directly influence emotions but significantly affect the 

selection and effectiveness of emotion regulation strategies. Some comparative studies 

have illustrated that depression may be consistently characterized by the overuse of some 

maladaptive strategies (e.g., expressive suppression, rumination, catastrophizing) and less 

frequent use of other more adaptive strategies (e.g., cognitive reappraisal, acceptance) 

(Aldao et al., 2010; Campbell-Sills et al., 2006; D’Avanzato et al., 2013; Garnefski & 

Kraaij, 2006). For instance, deficits in cognitive inhibition (Joormann, 2006; Joormann 

& Gotlib, 2010), in updating of WM (Joormann et al., 2011; Joormann & Gotlib, 2008), 

and in forgetting of negative materials (Joormann & Tran, 2009) are all linked to a 

tendency toward rumination, which is strongly related to depressive symptoms and 

consistently predicts the onset of depression (Nolen-Hoeksema, 1991; Nolen-Hoeksema 

et al., 2008). Biases in attention and interpretation may lead to inflexible and maladaptive 

appraisals of emotional stimuli, making it difficult to implement effective reappraisal 

strategies to regulate emotions (Siemer & Reisenzein, 2007). Difficulties in controlling 

mood-congruent information of WM can further hinder the use of adaptive strategies like 
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cognitive reappraisal, which relies on the flexible updating processes of WM (Pe et al., 

2013; Siemer, 2005). As a consequence, persistent biases and deficits in cognitive 

functioning may contribute to affect the ability to regulate emotion and recover from 

negative effects, potentially increasing the vulnerability of developing depressive 

disorders (Ehring et al., 2008; Teasdale, 1988). 

Several studies started to investigate the possibility of training cognitive biases in patients 

with depression and to examine the effects of such training on the symptoms of depression. 

One promising study found that the training on concrete and less over-generalized 

thinking reduced significantly depressive symptoms and rumination, suggesting its 

potential as an effective guided self-help intervention for individuals with mild-to-

moderate depressive symptoms (Watkins et al., 2009). Another preliminary investigation 

found that Memory Specificity Training (MEST) significantly improved the 

autobiographical memory retrieval style of depressed inpatients, suggesting it is a 

promising intervention for addressing a core cognitive process linked to depression and 

vulnerability (Raes et al., 2009). In a similar vein, Joormann et al. (2005) demonstrated 

that depressed participants successfully forgot negative material through intentional 

suppression and training in intentional forgetting may help counteract ruminative 

tendencies and mood-congruent biases in depression. As generalization into the 

physiological domain, Siegle et al. (2007) presented preliminary data demonstrating that 

a neurobehavioral “cognitive control training” intervention for severe unipolar depression 

reduces both physiological markers and depressive symptoms. These findings 

collectively suggest that interventions aimed at modifying cognitive biases and enhancing 

cognitive control may hold considerable promise for improving the effectiveness of the 

treatment of depression (Berking et al., 2008; Rottenberg & Gross, 2007).  

In specific, cognitive reappraisal, as an important adaptive emotion regulation strategy, 

has been extensively studied to explore its role in depression; the effective use of 

cognitive reappraisal is associated with lower levels of depression (Aldao et al., 2010; 

Eftekhari et al., 2009; Hu et al., 2014). In a systematic review on cognitive reappraisal, 

individuals with depression tend to underutilize cognitive reappraisal (Dryman & 

Heimberg, 2018), particularly in highly stressful or uncontrollable situations (Troy et al., 

2010), further emphasizing its potential as a promising strategy for managing depressive 

symptoms. Moreover, neurophysiological evidence confirms that depressed individuals 

exhibit atypical recruitment of emotion regulation brain network when engaging in 

cognitive reappraisal of negative stimuli (Zilverstand et al., 2017).  
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In summary, research on the cognitive processes underlying depression helps to 

understand cognitive dysfunction more comprehensively and provides a meaningful 

direction for modulating depressive emotions through cognitive strategies such as 

cognitive reappraisal. These insights are important for both conceptualizing depression 

and developing effective interventions aimed at improving emotional well-being.  

1.2.2. Neural basis and hemispheric lateralization of cognitive reappraisal 

Investigations into emotion regulation mechanisms are vital for advancing our 

understanding of depression and potential pathways for its treatment. Over the past two 

decades, an increasing number of neuroimaging studies have focused on the neural 

correlates of emotion regulation (Beauregard et al., 2001; Goldin et al., 2008; Morawetz 

et al., 2017; Ochsner et al., 2004, 2012; Wager et al., 2008). Most studies employ visual 

stimuli of varying valence (positive or negative) to compare brain activation during 

conditions requiring passive observation ("view") versus active regulation ("regulation") 

as the paradigm (based on Jackson et al., 2000). Conceivably, "reappraisal" is the most 

often explored explicit regulation strategy (e.g., (Morawetz et al., 2017; Ochsner et al., 

2002, 2004)), which involves altering the meaning of an emotion-inducing stimulus to 

modify its emotional impact. Given that most research focuses on negative emotions, 

cognitive reappraisal usually serves the goal of down-regulating (i.e., decreasing) 

emotions. Meta-analyses of neuroimaging studies indicate that reappraisal decreasing 

negative emotion engages a widespread frontoparietal executive network, including the 

dorsolateral prefrontal cortex (dlPFC), ventrolateral prefrontal cortex (vlPFC), 

supplementary motor area (SMA), pre-SMA, insula, anterior middle cingulate cortex 

(aMCC) as well as temporal regions, and decreased activation in the amygdala (Buhle et 

al., 2014; Kohn et al., 2014). Thereby, a neural network emerges as candidate for 

neuromodulation to improve depressive symptoms. 

Importantly, the vlPFC seems to play a major role in cognitive reappraisal process. Kohn 

et al. (2014) proposed a three-stage neural network model of emotion regulation, 

consisting of evaluation, initiation, and execution. In the evaluation stage, the vlPFC acts 

as a central hub, identifying the need for regulation and signaling this to the dlPFC for 

initiation of regulation. Then, the execution stage involves brain regions such as the 

superior temporal gyrus (STG), angular gyrus, and the (pre) SMA, guided by the dlPFC, 

while the aMCC may function as a mediator throughout this process. Additionally, 

subcortical limbic structures, such as the amygdala and the ventral striatum, are also 

thought to be involved in the cognitive reappraisal process and mediate the connection 
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between reappraisal success and vlPFC activity (Wager et al., 2008). The authors point 

out that the vlPFC has a dual role in both emotion generation and regulation. This duality 

is reflected in positive amygdala-vlPFC associations, which negatively predict regulation 

success, and positive ventral striatum-vlPFC associations, which positively predict 

regulation success. Anatomically, the vlPFC has direct efferent anatomical connections to 

the amygdala, and affective projections from the amygdala likely reach the vlPFC via the 

anterior insula and the aMCC (Ray & Zald, 2012).  

Furthermore, brain imaging studies of individuals with mood disorders have 

demonstrated brain structural and functional abnormalities in prefrontal areas and limbic 

system, and emphasized its implications for neurocircuitry models of depression (Drevets 

et al., 2008). A systematic review on neuroimaging cognitive reappraisal in clinical 

population (Zilverstand et al., 2017) reported that lower vlPFC/dlPFC activation and 

hyperactivity in the amygdala during downregulation of negative emotion are specific 

deficits for mood disorders, indicating impaired support in selection, manipulation and 

inhibition of reappraisal, as well as hyperactive bottom-up responses or reduced 

modulatory capacity, compared to healthy controls. A further meta-analysis (Picó-Pérez 

et al., 2017) found that individuals with mood and anxiety disorders yield a lower 

engagement of the frontoparietal network during cognitive reappraisal compared to 

healthy controls (e.g., PCC, dmPFC, angular gyri, and left vlPFC), alongside increased 

activation emerged in other cortical regions linked to potential compensatory mechanisms 

(e.g., precentral gyri, supramarginal gyri, left inferior occipital gyri (IOG), superior 

parietal lobule (SPL) and left anterior insula), suggesting impaired cortical regulation of 

negative emotions and possible compensatory hyperactivation in other brain regions. 

Interestingly, Johnstone et al. (2007) reported that during affective reappraisal, 

nondepressed individuals exhibited an inverse relationship between the left vlPFC and 

the amygdala mediated by the ventromedial prefrontal cortex (vmPFC), which was not 

found for depressed individuals, suggesting a lack of engagement of left ventral-

lateral/medial prefrontal circuitry and difficulties in the cognitive regulation of emotions 

associated with depression.  

As concerns neurophysiological interventions, non-invasive neuromodulation techniques 

(i.e., transcranial direct current stimulation and repetitive transcranial magnetic 

stimulation, tDCS and rTMS) targeting emotion regulation networks provided causal 

evidence for the critical role of the lateral prefrontal cortex (lPFC) in cognitive reappraisal 

and offered promising avenues for alleviating depressive symptoms. Multiple clinical 
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meta-analyses (Berlim et al., 2013; Lefaucheur et al., 2014; Levkovitz et al., 2015; Mutz 

et al., 2019) confirmed that rTMS over the dlPFC produced significant clinical effects in 

patients with depressive disorder and was a safe and effective intervention for depression. 

Additionally, tDCS targeting the vlPFC demonstrates superior efficacy in modulating 

emotional reappraisal compared to the dlPFC (Marques et al., 2018). For instance, in the 

context of social exclusion, simulating the right vlPFC with anodal tDCS improved 

emotional downregulation during reappraisal in individuals with depression, especially 

among those with lower depression severity (He et al., 2020). Furthermore, the vlPFC 

exhibits relative functional specificity for reappraisal strategies rather than distraction in 

downregulating social pain (Zhao et al., 2021), underscoring its potential as a therapeutic 

target for emotion regulation deficits in depression.  

The hemispheric asymmetry of emotion processing has been extensively studied over the 

past decades, leading to various theoretical models and hypotheses (Demaree et al., 2005; 

Gainotti, 2019; Killgore & Yurgelun-Todd, 2007; Ross, 2021; Shobe, 2014). For instance, 

the Valence Hypothesis (VH) posits that the brain's hemispheres specialize in processing 

different emotional classes: the left hemisphere for positive emotions and the right for 

negative emotions (Ahern & Schwartz, 1985). Studies have shown that patients who have 

suffered trauma to the left frontal lobe, particularly to the lateral prefrontal cortex, are 

more likely to suffer from depression (Morris et al., 1996; Paradiso et al., 1999). In 

specific, according to a meta-analysis (Wager et al., 2003), gender differences also emerge 

in lateralization patterns; males exhibit greater lateralization during emotion processing, 

whereas females exhibit higher brainstem activation.  

There are various indications to support the idea of lateralization in emotion regulation, 

in particular, in the frontal cortex (G. A. Miller et al., 2013). Importantly, the left vlPFC 

appears to be specifically recruited in reappraisal paradigms that focus on reinterpretation 

strategies (Dörfel et al., 2014; Price et al., 2013). The study by Cao et al. (2021) reported 

prominent facilitation effects of single-pulse TMS on the left vlPFC and provided 

evidence of the functional specificity of the left vlPFC in regulation of negative emotions 

using positive reappraisal. Various fMRI and EEG studies consistently highlighted the 

involvement of the left vlPFC in the downregulation of negative stimuli during 

reappraisal (Berboth & Morawetz, 2021; Choi et al., 2016; Goldin et al., 2008; Johnstone 

et al., 2007; Morawetz et al., 2016; Papousek et al., 2017; Silvers et al., 2016).  

Brain measures also verified the correlation between the hemispheric lateralization and 

the cognitive deficits underlying depression. One meta-analysis based on the frontal alpha 



 17 

asymmetry (FAA) suggested a slight tendency toward left lateralization in the depression 

group, but the results are not significant (Horato et al., 2022). Although the FAA may be 

subtly linked to depression and the validity of FAA as diagnostic biomarker for depression 

is questioned (Van Der Vinne et al., 2017), there is still evidence that depressive 

symptoms are associated with laterality of frontal lobe regions. For example, in an face 

emotion perception task, reduced activation of the left relative to right inferior frontal 

gyrus (IFG) was associated with poor performance among women with MDD (Briceño 

et al., 2013). Similarly, significant differences in the left IFG were observed between 

previously depressed and healthy children during reappraisal tasks (Belden et al., 2015).  

A good understanding of the lateralization of emotion processing is not only necessary 

for understanding the key mechanism of emotion regulation, but also important for the 

development of novel and effective therapeutic protocols in depression and affective 

disorders. For instance, we can to improve emotion regulation abilities in clinical 

populations by localized neuromodulation, e.g., using neurofeedback techniques (Zotev 

& Bodurka, 2020). Taken together, these findings underline the key role of the vlPFC for 

emotion regulation and mood disorders and indicate that the vlPFC, especially the left 

vlPFC, may be a suitable target for therapeutic interventions in patients with depression.  

1.2.3. rt-fMRI neurofeedback in emotion regulation 

Since the initial developments at the end of last century (see Weiskopf et al., 2003), the 

field of rt-fMRI neurofeedback has rapidly expanded, driven by its superior spatial 

resolution and continuous advancements in techniques and methodologies (Watanabe et 

al., 2018). Among its various applications, emotion regulation has gained significant 

attention and has become a prominent research area (Fede et al., 2020). To date, several 

studies have demonstrated the effectiveness of rt-fMRI neurofeedback in training healthy 

individuals to modulate brain regions associated with emotion regulation, such as 

amygdala, anterior insula (AI), and anterior cingulate cortex (ACC) (Linhartová et al., 

2019).  

The amygdala is usually considered as a core region of emotion regulation network, 

prompting extensive research concentrating on its neuromodulation through rt-fMRI 

neurofeedback training (Barreiros et al., 2019). Early works by Posse et al. (2003) 

represent and early attempt using rt-fMRI neurofeedback of amygdala activation to 

reinforce mood induction, demonstrating the feasibility of training healthy humans to 

self-regulate the hemodynamic activity of the amygdala. A subsequent study by Zotev et 

al. (2011) confirmed that upregulation training using positive autobiographical memories 
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(AM) significantly increased amygdala activation compared to a control group, with the 

effect persisting even in the absence of neurofeedback. Additionally, other studies (Brühl 

et al., 2014; Herwig et al., 2019; Paret et al., 2014) focused on the down-regulation of 

amygdala responses to negative stimuli, which supported the concept of controlling brain 

activity by the amygdala training and highlighted its clinical potential as a mental health 

intervention for emotional disorders. Furthermore, the down-regulation of the amygdala 

may involve prefrontal–limbic networks underlying effective emotion regulation and 

inform the interpretation of connectivity changes in terms of top-down and bottom-up 

processes. For instance, Paret et al. (2016) proved that voluntary amygdala down-

regulation by rt-fMRI NF was associated with increased connectivity of the right 

amygdala with the vmPFC in healthy subjects, may reflecting a boosted bottom-up 

exchange of emotion information. In another emotion regulation paradigm using 

cognitive reappraisal strategy (Sarkheil et al., 2015), the fMRI neurofeedback training 

targeting the lateral PFC led to a significant reduction of bilateral amygdala response, also 

showing the impact of lPFC neurofeedback on top-down emotion regulation networks.  

In addition to the amygdala, research on other brain regions has also shown promising 

results. Studies targeting the anterior insula confirmed the feasibility of local self-

regulation, showing that individuals can volitionally control activity in emotionally 

relevant brain regions (Berman et al., 2013; Caria et al., 2007, 2010). Similarly, Gröne et 

al. (2015) and Hamilton et al. (2011) also reported that ACC neurofeedback training was 

able to locally upregulate ACC activity and improve the perception of emotional valence 

and arousal, reflecting an implicit emotional effect that is less susceptible to cognitive 

biases and making ACC neurofeedback a particularly valuable tool for emotion regulation 

interventions.  

Building on existing evidence, numerous studies have explored the effects of rt-fMRI 

neurofeedback on symptoms of various psychiatric disorders and the clinical applications 

in related treatments (Pindi et al., 2022; Tschentscher et al., 2024). Among these, MDD 

has been a key area of focus (Mathiak & Keller, 2021; Trambaiolli et al., 2021). While 

reducing amygdala hyperactivity in depression may hold more significant clinical 

relevance (Brühl et al., 2014; Hamilton et al., 2012), most neurofeedback research on 

depression still focuses on the voluntary upregulation of amygdala activity (Young, Zotev, 

et al., 2018). For instance, Young and colleagues (Young et al., 2014; Young, Misaki, et 

al., 2017; Young, Siegle, et al., 2017, 2018) demonstrated that training patients with 

depression to upregulate amygdala activity through positive autobiographical memory 
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(AM) recall improved connectivity with prefrontal regions like the precuneus and inferior 

frontal gyrus (IFG), which was linked to enhanced processing of positive stimuli and 

reductions in depressive symptoms, underscoring the role of the amygdala in recovery 

from depression. Similar research has been extended to resistant depression as well 

(Compère et al., 2024). Moreover, combining amygdala neurofeedback with CBT has 

also shown promise. Studies by Barb et al. (2018) and Compère et al. (2023) revealed 

enhanced symptom improvement and better long-term outcomes in MDD patients who 

underwent amygdala upregulation training during positive memory recall before CBT 

sessions, suggesting that combining rt-fMRI NF training with CBT may promote 

therapeutic effects and providing a novel approach to improve depression treatment.  

Beyond amygdala regulation, rt-fMRI NF studies targeting other key brain regions 

involved in emotion processing have also shown potential for alleviate depressive 

symptoms. Linden et al. (2012) successfully trained the upregulation of emotion 

processing areas in response to positive stimuli determined through a localizer run 

(including vlPFC, insula, and dlPFC) in treatment-resistant depression, leading to 

significant symptom reduction in the experimental group and highlighting the potential 

of neurofeedback for modulating broader emotional networks. Only one NF study trained 

individuals with depression to downregulate brain activity in response to negative stimuli. 

Hamilton et al. (2016) trained patients with depression to downregulate a hyperresponsive 

node in the salience network (SN), achieving a notable decrease in SN-node responses to 

negative stimuli and lower self-reported emotional ratings to negative materials. These 

findings suggest that targeting multiple brain regions, either through up-regulation or 

down-regulation, may enhance the therapeutic potential of neurofeedback interventions 

for depression.  

In particular, rt-fMRI NF-guided cognitive reappraisal strategies have also proven 

effective for mental disorders by increasing top-down regulations. For instance, in a rt-

fMRI NF-guided cognitive reappraisal training, Zweerings et al. (2020) reported NF-

specific amygdala response attenuation in patients with PTSD, resulting in improved 

symptoms and well-being at follow-up. Zilverstand et al. (2015) demonstrated lower 

insula activation levels and reduced anxiety in spider phobia patients trained through 

cognitive reappraisal, showing that rt-fMRI NF has a facilitating effect on anxiety 

regulation. In the context of depression, our previous study (Keller et al., 2021) 

investigated the feasibility of NF-supported cognitive reappraisal training on vlPFC in 

MDD and the comparation between the left and right vlPFC regulation, reporting that left 
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vlPFC upregulation specifically benefited cognitive reappraisal training and contributed 

to meaningful symptom improvements. These studies highlight the clinical utility of rt-

fMRI NF in strengthening cognitive reappraisal strategies across various psychiatric 

conditions.  

The evolvement of more advanced signal processing in rt-fMRI NF, such as FCNef and 

DecNef, may offer more possibilities on advancing personalized mental health care and 

enhancing outcomes in mood disorders (Watanabe et al., 2018). Koush and colleagues 

(Koush et al., 2015) showed for the first time that participants successfully self-regulated 

the top-down connectivity between the dmPFC and the amygdala, demonstrating that 

DCM-based neurofeedback training of emotion regulation networks enhances emotion 

regulation capabilities. A pilot study by Yamada et al. (2017) demonstrated that 

correlation-based neurofeedback training effectively reduced connectivity between the 

default mode and frontoparietal networks in patients with subclinical depression, 

indicating the clinical effectiveness of this method and supporting the casual role of 

network connectivity in mental disorders. In an example of neutral face preference 

induction experiment, Shibata et al. (2016) reported that fMRI DecNef was able to induce 

specific activation patterns in the cingulate cortex corresponding to higher (or lower) 

preference, revealing the importance of activation patterns within brain regions in 

cognitive regulation. These ground-breaking methods demonstrate a unique ability to 

investigate causal links between specific brain functions and resulting behavioral changes, 

particularly when combined with implicit protocols and external rewards, offering robust 

support for the targeted neural plasticity model and serving as powerful tools for both 

foundational and clinical research (Watanabe et al., 2018).  

In addition to technical advancements, researchers are also constantly exploring more 

appropriate neurofeedback protocols to maximize their accessibility and effectiveness, as 

well as focus on its long-term impacts. For instance, the development of 7T fMRI has 

enabled more accurate neurofeedback applications (Gröne et al., 2015; Koush, Elliott, et 

al., 2013; Koush et al., 2014). Hellrung et al. (2018) compared continuous and intermittent 

rt-fMRI neurofeedback in amygdala, concluding that intermittent feedback presentation 

outperforms continuous feedback during training runs. Zotev et al. (2014) reported the 

first simultaneous implementation of rt-fMRI and EEG neurofeedback to link the two, 

confirming the feasibility of concurrently modulating hemodynamic and 

electrophysiological processes, which helps to overcome the shortcomings of fMRI-based 

NF, and showing its promising potential for improved treatment of MDD (Zotev et al., 
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2016, 2020; Zotev & Bodurka, 2020). Integrating virtual environments (VE) and virtual 

reality (VR) into rt-fMRI NF holds promise for improving the ecological validity of 

training as well. Lorenzetti et al. (2018) used color changes in a VE to guide participants 

in controlling brain regions linked to emotions like anguish and tenderness. Baqapuri et 

al. (2021) developed a VE involving a violent computer game that provided implicit 

feedback on SMA activity, potentially bridging the gap between training and similar real-

life application.  

In conclusion, rt-fMRI NF has come a long way since its initial demonstration of 

modulating neural responses in the brain, offering valuable insights into the neural and 

cognitive mechanisms underlying depression while demonstrating substantial therapeutic 

potential. However, further research is still necessary to generate more comprehensive 

evidence and optimize its clinical utility. With continued exploration, rt-fMRI NF 

promises to be an effective tool to advance mental health interventions in the future.  

1.2.4. Potential applications of MVPA in MDD 

Neuroimaging biomarkers of depression hold promise for enhancing diagnosis, 

identifying individuals at risk, and predicting treatment response or illness progression. 

Finding reliable biomarkers for MDD has been a major clinical challenge due to the 

complex nature of depression pathophysiology, which is thought to be associated with 

dysregulation within distributed neural networks involving cortical and limbic regions 

rather than simply structural and functional abnormalities in specific brain areas (Dai et 

al., 2019). To address this complexity and improve diagnostic accuracy, researchers are 

continuously developing more advanced and powerful methods to provide more 

information on our understanding of the neurobiological mechanisms behind depressive 

symptoms.  

Resting-state fMRI (rs-fMRI) has become a valuable tool for mapping large-scale neural 

network functions and identifying biomarkers of neuropsychiatric disorders, including 

MDD (Greicius, 2008; Kaiser et al., 2015). By measuring low frequency (0.01-0.08 Hz) 

BOLD signal fluctuations linked to spontaneous neuronal activity (Fox & Raichle, 2007), 

rs-fMRI has the ability to provide insights into the intrinsic property of the brain, 

independent of task-induced activity. Researchers extract various features from RS-fMRI 

to identify spatial patterns of coherent BOLD activity, such as amplitude of low-frequency 

fluctuations (ALFF; Zang et al., 2007), fractional ALFF (fALFF; Zou et al., 2008), 

functional connectivity (FC; Biswal et al., 1995), and regional homogeneity (ReHo; Zang 

et al., 2004), which can reflect different characters of rs-fMRI and help researchers reveal 
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significant brain alterations distinguishing MDD patients and healthy controls. For 

instance, abnormal functional connectivity with the default mode network (DMN) is a 

key finding in MDD (Greicius et al., 2007), with subsequent study revealing changes in 

connectivity strength and reduced connectivity stability in MDD (Wise et al., 2017). 

However, conventional rs-fMRI analysis still relies on examining features through 

univariate approaches, ignoring the complex multivariate interactions of the brain. 

Furthermore, the results of univariate analysis often have extensive group-level overlap, 

making it difficult to assess the discriminative power of identified features at the 

individual level, leading to the inability to verify their reliability and generalization ability. 

As a data-driven technique, MVPA overcomes the limitations of univariate methods by 

capturing spatiotemporally distributed information, complements both resting-state 

analysis and task-state analysis, and helps to improve the reliability of biomarkers and the 

objectivity of clinical diagnosis (Bhaumik et al., 2017; Sun et al., 2009).  

MVPA has been increasingly applied to neuroimaging data to enhance the diagnostic 

classification of MDD. For instance, Habes et al. (2013) utilized MVPA to differentiate 

neuronal patterns in depressed patients during passive viewing of emotional images, 

revealing that MVPA could identify stable valence patterns with greater sensitivity than 

univariate analyses, potentially distinguishing between healthy and depressed individuals 

based on brain responses to emotional cues. Similarly, Fu et al. (2008) conducted whole-

brain pattern analysis of fMRI data in response to sad facial stimuli of varying emotional 

intensity, successfully classifying patients experiencing acute depressive episodes, 

thereby contributing to the development of neurobiological markers for depression. 

Moreover, MVPA based on whole-brain resting-state FC has also been demonstrated to 

be capable of discriminating or identifying depressed patients from healthy controls with 

higher accuracy at the individual level, complementing both seed-based statistical 

analysis and univariate statistical analyses (Zeng et al., 2012). Additionally, Gu et al. 

(2017) employed MVPA with multiple rs-fMRI features, comparing the discriminative 

ability of five major features to identify the most reliable biomarkers for MDD 

classification. Collectively, these findings highlight the high representational capacity of 

MVPA in detecting neuroimaging-based biomarkers of depression and demonstrate its 

potential as a more accurate diagnostic tool.  

More importantly, MVPA also offers significant potential for enhancing our 

understanding of the neural mechanisms underlying rt-fMRI NF and promoting its long-

term development in MDD. Most existing studies provide extra evidence for the neural 
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basis of neurofeedback by analyzing the neural activity characteristics of rs-fMRI before 

and after rt-fMRI NF training. For instance, Yang et al. (2018) used ReHo analysis to 

examine brain function following rt-fMRI NF emotion regulation training, revealing 

significant changes in ReHo scores in specific brain regions, which reflect neural 

alterations and support the effectiveness of rt-fMRI NF in enhancing emotion regulation. 

In another study involving MDD patients, Young, et al. (2018b) found changes in task-

based and resting-state amygdala functional connectivity after rt-fMRI amygdala 

neurofeedback training, explaining significant differences in the success rate of 

neurofeedback modulation. Go beyond further exploring neurofeedback training through 

resting-state data, MVPA may even enable direct multivariate analysis of task-based fMRI 

neurofeedback data, providing another avenue for uncovering the mechanisms of 

neurofeedback.  

To our knowledge, this study is the first to conduct MVPA on rt-fMRI NF data to provide 

more comprehensive evidence on the neural mechanisms of cognitive reappraisal training 

in MDD. By rapidly identifying activation patterns corresponding to specific tasks or 

states, rather than focusing on isolated regions, MVPA has the potential to enhance the 

accuracy and long-term effectiveness of neurofeedback in depression, which is an 

important area of current development. These multivariate findings may offer new 

insights into the pathological mechanisms of MDD and provide references for future 

neurofeedback interventions.  

1.3. Hypotheses 

In the current study, we applied MVPA (i.e., MVPC and RSA) to decode neural activity 

during cognitive reappraisal training based on rt-fMRI NF dataset involving both 

depressed and healthy subjects. Previous study on this dataset demonstrated that 

neurofeedback targeting the left (versus right) vlPFC was associated with increased self-

regulation and improved self-reported use of emotion regulation strategies, suggesting 

the importance of left-targeted modulation for effective emotion regulation (Keller et al., 

2021). However, neural evidence for such lateralized neurofeedback effects and 

corresponding group differences were not survive in traditional whole-brain univariate 

analyses.  

Brain decoding methods may identify distinct activation patterns across lateralized NF 

conditions in both healthy and MDD groups, which may potentially offer more direct 

neural evidence for lateralization effect of NF-guided cognitive reappraisal training that 

was not observed in univariate analysis. More specifically, we hypothesized that (1) left- 
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and right-targeted NF would evoke significantly different neural representations within 

emotion regulation regions. Considering the potential deficits in neural encoding stability 

in psychiatric disorders (Gao et al., 2025), we calculated RSA-based pattern consistency 

(Lee et al., 2015, 2019) during neurofeedback as a measure of neural encoding ability and 

hypothesized that (2) encoding stability may be lower in MDD patients than in healthy 

individuals, especially during left-targeted neurofeedback. Finally, we expected that (3) 

greater pattern consistency would be positively associated with improvements in 

depressive symptoms and behavioral measures of cognitive emotion regulation.  
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2. Research objectives  

The main aim of the present study was to deepen our understanding of the neural 

mechanisms underlying lateralized NF-guided cognitive reappraisal training, particularly 

from a multivariate perspective. While previous research has demonstrated the central 

role of left vlPFC-targeted neurofeedback training on cognitive reappraisal processes 

(Keller et al., 2021), it remains unclear whether these effects are associated with distinct 

neural representations that differ across lateralized-NF conditions.  

To address this gap, we employed multivariate pattern analysis (MVPA), including both 

multivariate pattern classification (MVPC) and representational similarity analysis (RSA), 

to examine whether subtle but functionally meaningful differences in neural 

representation and encoding could be detected between left- and right-targeted NF and 

between healthy and MDD individuals. This approach enables the investigation of 

distributed activation patterns that may not be captured by traditional univariate contrasts, 

providing stronger evidence for the understanding and implementation of lateralized 

neurofeedback.   

Using this multivariate framework, our study pursued the following objectives:  

1. To determine whether left- and right-targeted NF conditions elicit distinguishable 

multivoxel activation patterns, particularly within brain regions implicated in 

cognitive emotion regulation, such as the prefrontal, parietal, and motor-related 

cortices;  

2. To assess whether neural encoding stability, measured by RSA-based pattern 

consistency, differs between patients with MDD and healthy controls, with a specific 

focus on whether encoding deficits are more prominent under left-targeted NF;  

3. To explore whether individual differences in pattern consistency are associated with 

training-related behavioral outcomes, including improvements in depressive 

symptoms and emotion regulation strategy use, thereby linking neural measures to 

clinical relevance.  

By achieving these objectives, this study may provide novel insights into neural 

mechanisms of lateralized NF-based cognitive emotion regulation, highlight the added 

value of multivariate approaches in neurofeedback research, and inform the development 

of more targeted, personalized neurofeedback protocols for clinical psychiatric 

populations.  
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3. Materials and Methods  

3.1. Participants 

The dataset we analyzed came from our previous neurofeedback study and part of it has 

already been reported using GLM-based univariate analysis (Keller et al., 2021), which 

contains 39 patients with MDD and 37 age- and gender-matched healthy individuals. In 

the current study, two subjects in the patient group were excluded from the analyses due 

to data quality issues (mismatch between structural and functional images), leaving usable 

samples of 37 MDD patients (age 34.3 ± 12.9; 16 female) and 37 healthy controls (age 

32.3 ± 12.8; 15 female). All participating patients were clinically stable with a diagnosis 

of acute MDD by experienced psychologists and recruited at the RWTH Aachen 

University Hospital. The diagnosis was confirmed according to the Diagnostic and 

Statistical Manual of Mental Disorders (DSM-IV-TR; American Psychiatric Association) 

(Abler & Kessler, 2009) criteria. The patient and control groups did not differ significant 

in age [t(72) = -0.68, p = 0.5] and years of education [t(72) = 0.95, p = 0.34]. All 

participants were right-handed and provided written informed consent after the 

procedures had been fully explained. The study was approved by the local Ethics 

Committee of the RWTH Aachen (EK 050/17). For more detailed information about the 

participants, see (Keller et al., 2021).  

3.2. Experimental paradigm and procedure 

A randomized, double-blind cross-over emotion regulation NF task was designed to 

enhance cognitive reappraisal training (see Fig. 1). Based on the peak coordinates 

provided by a meta-analysis about the neural correlates of cognitive reappraisal in healthy 

individuals (Kohn et al., 2014), predefined anatomical regions of interest (ROIs) (left and 

right ventrolateral prefrontal cortex, vlPFC) were used as the target region for 

neurofeedback. The main experimental paradigm and procedure are described in detail in 

the previous paper (Keller et al., 2021). Briefly, 72 pictures with negative valence selected 

from the International Affective Picture System (IAPS) were displayed to the participants 

(Lang et al., 2008). All pictures were matched for overall valence and arousal. The 

cognitive reappraisal training was completed on two NF days, separated by at least one 

week (see Fig. 1A). The order of left versus right vlPFC regulation was randomly 

allocated over two days. Both the investigator and the participant were blind to the ROI 

allocation for feedback computation during the NF training. Each NF day consisted of 4 

NF runs, each with 9 regulation blocks. Fig. 1B showed one “view-reappraise” cycle with 
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two trials in each block. Each trial comprised of a picture presentation (12s) followed by 

a 4-s rest period (fixation cross “x” for the “view”, “+” for the “reappraise”) and 4s 

presentation of either a placeholder (“%%”) for the “view” trial or a numerical feedback 

value for the “reappraise” trial, respectively. The feedback value was calculated by the 

increased BOLD activation in the target region during a regulation block.  

 

Fig. 1. (A) Experimental procedure. The experimental design involved five laboratory visits. Data 

used in this study were collected during two NF training days (Visits 3 and 4), highlighted in red. (B) 

Experimental paradigm. On each NF day, participants completed 4 NF runs, each consisting of 9 

“view-reappraise” cycles. During “view” trials (denoted by “x”), participants passively viewed the 

picture, allowing natural thoughts and emotions to arise. In “regulate” trials (denoted by “+”), 

participants applied cognitive reappraisal strategies to reduce negative affect and increase BOLD 

activity in the target brain region. Each picture was displayed for 12 s, followed by a 6-s rest period 

and a 4-s (non-) neurofeedback phase. Reproduced from (Keller et al., 2021).  

The task for participants was either to passively maintain spontaneous emotions elicited 

by the picture during the “view” condition or try to upregulate their brain activity in the 



 28 

target region by overcoming negative emotions using cognitive reappraisal strategies 

during the “reappraise” condition. Participants were also asked to try their best to get 

higher NF scores which are associated with more successful cognitive reappraisal. 

Suggested strategies such as 1) the situation will get better in the future, 2) it is not that 

bad, 3) imagining it is not real or 4) taking the perspective of a professional were given 

to the participants, but they were free to try any strategies.  

3.3. MRI acquisition 

MRI data were collected on a 3.0T whole-body scanner (Magnetom TRIO, Siemens 

Medical Systems, Erlangen, Germany) with a standard 20-channel head coil. T1-weighted 

structural scans were recorded using a Magnetization Prepared Rapid Gradient Echo 

(MPRAGE) sequence (2 s TR, 3.03 ms TE, 900 ms TI, 9° flip-angle, 1 mm isotropic 

voxels, 256 × 256 mm2 field of view (FOV), 0.5 mm gap, 176 sagittal slices). Functional 

scans were acquired using a standard T2*-weighted Echo-Planar Imaging (EPI) sequence 

(2 s TR, 28 ms TE, 77° flip-angle, 3 × 3 × 3 mm voxel size with a 3.75 mm inter-slice 

distance, 64 × 64 matrix size with 34 transverse slices in ascending interleaved 

acquisition). For more details, see (Keller et al., 2021).  

3.4. fMRI data preprocessing 

The preprocessing for the neurofeedback data was conducted using the SPM12 toolbox 

(Statistical Parametric Mapping; https://www.fil.ion.ucl.ac.uk/spm/software/spm12/, 

Welcome Trust Centre for Neuroimaging, London, UK) implemented in MATLAB 

R2023b (The MathWorks, Inc., Natick, Massachusetts, United States). The first five 

volumes of each NF run were discarded to minimize artifacts caused by magnetic field 

instability at the beginning of each scan. All fMRI images through two NF days were 

corrected for slice-timing and realigned to the mean image across all runs within each 

subject for motion correction. Furthermore, the functional data of each subject were co-

registered to the subject’s structural T1 image. Data from all participants were visually 

inspected after preprocessing to ensure adequate coregistration.  

We adopted preprocessing procedures consistent with previous MVPA studies (Haxby et 

al., 2001; Kriegeskorte et al., 2006; Misaki et al., 2013; Norman et al., 2006). Searchlight 

analysis was performed in native space to introduce as few interpolations as possible, and 

thus spatial normalization across individuals was omitted. However, for the ROI analysis, 

spatial normalization was conducted to enable comparability of the ROIs between 

subjects. No spatial smoothing was applied to fMRI images in either analysis to preserve 
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voxel-level information and avoid blurring the signal between voxels, which could 

negatively affect decoding performance.  

3.5. Feature extraction 

A general linear model (GLM) in SPM12 was created to extract features from the task-

related BOLD signal using one regressor for each trial at the subject level. A 128-s high-

pass filter was done to remove low-frequency drifts. Thus, a total of 144 parameter maps 

(beta-maps) were estimated and then used to calculate increased activation of each block 

during cognitive reappraisal (reappraise) compared to the baseline (view) by the contrast 

[reappraise > view] since we aim to classify left vs. right neurofeedback. The contrast 

images were z-scored to eliminate the effect of univariate differences across different 

neurofeedback conditions (Coutanche, 2013). As a result, we obtained 72 z-scored 

contrast images as samples (one sample per block) for classification.  

3.6. Multivariate Pattern Classification (MVPC) 

MVPC is a classifier-based MVPA method which typically employs machine learning, 

with support vector machines (SVMs) being one of the most commonly used classifiers. 

The classifier assigns a weight for each voxel (feature), collectively defining the decision 

boundary between experimental conditions. During training, these weights are optimized 

to enhance the boundary's ability to separate conditions effectively (Cohen et al., 2017).  

In this study, MVPC was conducted using The Decoding Toolbox (TDT; 

https://sites.google.com/site/tdtdecodingtoolbox/) (Hebart et al., 2015) based on 

MATLAB R2023b. A linear SVM (Cortes & Vapnik, 1995) provided by LIBSVM 

(https://www.csie.ntu.edu.tw/~cjlin/libsvm/) (Chang & Lin, 2011) implemented in TDT 

was used as the classifier. According to how the pattern features are extracted, both a 

native-space searchlight analysis and a common-space ROI analysis were performed 

across the whole brain at the individual level.  

3.6.1. Searchlight analysis 

To investigate where in the brain contains different information between left- and right-

NF conditions, we performed a whole-brain MVPC through a searchlight approach 

(Kriegeskorte et al., 2006). A predefined sphere searchlight with a 3-voxel radius (85 

voxels) was constructed to perform MVPC and went through the whole brain. The 

training and testing of the classifier were done in a leave-one run out cross-validation (4 

runs, 54 samples for training, and 18 samples for testing) in each searchlight. We used a 

linear SVM with the fixed regularization parameter C = 1 as the classifier to train the 

https://sites.google.com/site/tdtdecodingtoolbox/
https://www.csie.ntu.edu.tw/~cjlin/libsvm/
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training dataset according to two labels (“Reappraise > View - Left” and “Reappraise > 

View - Right”). Then the classifier was applied to classify the testing dataset without 

labels. By repeating this process 4 times, each run was served in turn as the testing dataset, 

which was independent of the training dataset. The classification accuracies across folds 

within each searchlight were averaged and assigned to the central voxel of the respective 

searchlight, resulting in one accuracy map for each subject finally which was then 

submitted to group analysis.  

Group analysis was conducted in the normalized space. The accuracy map of each subject 

was normalized to the T1-weighted ICBM152 brain template of the Montreal 

Neurological Institute (MNI). Spatial smoothing was also performed on each normalized 

accuracy map using an 8 mm full-width at half maximum Gaussian kernel. Subsequently, 

these accuracy images were entered into the second-level model.  A total of three one-

sample t-tests were conducted for both healthy control group (HC) and patient group 

(MDD) as well as the combined group (All) to test voxels where classification accuracies 

were significantly above chance (t-tests vs. 50%). A two-sample t-test was performed to 

test between-group effects in classification accuracy. To ensure consistency with the 

comparison between the two groups, one-sample t-tests were implemented by applying 

the same two-sample model but with different contrast settings (All: [1 1]; HC: [1 0]; 

MDD: [0 1]). One-sample t-test results were evaluated at cluster-wise family-wise error 

(FWE) corrected p < 5*10-11 with a cluster extent of 2000 voxels for all subjects and at 

cluster-wise FWE corrected p < 10-6 with a cluster extent of 500 voxels for two separate 

groups (HC and MDD). The two-sample t-test for group differences (HC > MDD; MDD > 

HC) was assessed at an uncorrected threshold of p < .001 and an FWE-corrected threshold 

of p < .05 at the voxel level. Clusters were labelled using the automated anatomical 

labeling atlas 3 (AAL3) (Rolls et al., 2020).  

The classification-based hypothesis testing in the context of neuroscience is indicated to 

exhibit below-chance level classification rates, which means that the mode of the 

distribution of classification accuracy from cross-validation of linear MVPC in these 

cases is above expected chance levels, leading to an abnormally high number of above 

chance accuracies and strong implications for hypothesis testing (Jamalabadi et al., 2016). 

Although the commonly practiced group-level statistic inference procedure for decoding 

accuracy is questionable from a theoretical point of view, and several studies have 

investigated this issue and proposed some other more reasonable statistical inference 

methods such as randomization tests (Allefeld et al., 2016; Jamalabadi et al., 2016; Stelzer 
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et al., 2013), many neuroscience studies using MVPC still rely on performing the usual 

procedure of t-tests on accuracy maps to produce a relatively significant group statistics 

(Bode et al., 2012; Reverberi et al., 2012; Tusche et al., 2010; Valdés-Sosa et al., 2020), 

as we did, which is why such extremely strict p-value thresholds were applied in our study.  

3.6.2. ROI analysis 

In order to focus our data analysis on standard ROIs, we also performed MVPC analysis 

in the normalized space (MNI) on the first 94 ROIs (excluding cerebellum area which is 

not relevant to this study) of the automated anatomical labeling atlas 2 (AAL2) (Rolls et 

al., 2015) to determine differences and similarities between MNI-based ROI analysis and 

native-based searchlight analysis. In this case, normalized fMRI images of each 

individual were entered into a GLM with a relatively low mask threshold (0.2) to extract 

more complete features. All MVPC procedures were conducted within each ROI at the 

subject level in the same way as the searchlight analysis. The resulting accuracy values 

were compared across groups using a two-sample t-test (uncorrected p < .001) for each 

ROI, followed by Storey’s False Discovery Rate (FDR; Storey, 2002; Storey et al., 2004) 

correction for multiple comparisons.  

3.7. Representational Similarity Analysis (RSA) 

To further investigate the neural encoding stability during NF training under two different 

conditions in two groups, we performed RSA (Kriegeskorte, 2008) to evaluate the pattern 

consistency of neural responses across neurofeedback training. Instead of dividing the 

space with a classifier, RSA is a similarity-based MVPA, in which activity patterns are 

viewed as points in a high-dimensional voxel space, where the distance between points 

indicates their similarity. It can be summarized as a matrix of pairwise distances between 

activity patterns to reveal the encoded information, which is known as representational 

similarity matrix (RSM) or representational dissimilarity matrix (RDM). Our RSA was 

conducted in TDT (Hebart et al., 2015) as well.  

In this analysis, we anatomically defined 20 ROIs from the AAL2 atlas (Rolls et al., 2015) 

based on the priori related neural network regions implicated by previous review literature 

about cognitive emotion regulation (Kohn et al., 2014; Mathiak & Keller, 2021; Picó-

Pérez et al., 2017; Zilverstand et al., 2017), including bilateral precentral gyrus, superior 

frontal gyrus (SFG), middle frontal gyrus (MFG), inferior frontal gyrus (IFG), 

supplementary motor area (SMA), anterior cingulate (ACC), insula and amygdala. The 

contrast parameters [reappraise > view] of each block estimated from spatially 
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normalized fMRI BOLD responses in each of the ROIs were entered into this analysis. 

Since RSA calculation holds the limitation that all voxels are weighted equally, which 

means it may be contaminated by uninformative or noisy voxels (Cohen et al., 2017), we 

also conducted feature selection to identify relatively more informative voxels within 

each ROI to enhance the sensitivity of the analysis. Specifically, we retained the top 50% 

of voxels based on voxel weights. RSA was then conducted on the selected voxels to 

calculate the similarity of all pairs of patterns using correlation distance (Pearson’s 

correlation coefficient). For each subject and ROI, a RSM was constructed based on these 

correlation distances.  

To quantify the comparison among RSMs, we calculated the pattern consistency from 

each RSM for both left and right neurofeedback conditions. The pattern consistency was 

defined as the ratio of mean similarity among patterns within each condition to that of all 

conditions (Lee et al., 2015, 2019), yielding two values per subject per ROI. To assess 

group differences in pattern consistency under both conditions, we conducted a two-way 

ANOVA with Group (HC, MDD) and Condition (Left NF, Right NF) as factors for each 

ROI. Storey’s False Discovery Rate (FDR) was applied to correct interaction effects for 

multiple comparisons. As a post-hoc analysis, two-sample t-tests were computed to 

compare both between groups and both between conditions when significant interaction 

effects were observed. A p-value of < 0.05 was considered statistically significant.  

3.8. Correlation between pattern consistency and other assessment 

changes 

To assess the association between neural pattern consistency and individual changes in 

psychological measures following neurofeedback training, we conducted correlation 

analyses. Specifically, pattern consistency during cognitive reappraisal neurofeedback 

training was correlated with several assessment indicators: within-run learning slope 

(derived from feedback values), changes in depressive symptom severity (BDI-II scales), 

and changes in cognitive reappraisal use and suppression use (ERQ scales). Positive 

change scores always indicated improvements of symptom or strategy use (i.e., reduction 

in depressive symptom severity, increase in cognitive reappraisal use, and reduction in 

suppression use).  

To quantify training effect, we calculated the average within-run slope of feedback values 

across runs. Linear regression analyses were then performed to assess the relationship 

between pattern consistency and learning slope for both NF conditions (left and right) and 

both groups (HC and MDD) in the ROI. Statistical significance threshold of FWE-
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corrected p < 0.05 was applied. The same correlation analysis was carried out to examine 

associations between pattern consistency and changes in BDI-II scores as well as ERQ 

scores (reappraisal use and suppression use) from baseline to follow-up. For details on 

participant assessments, see (Keller et al., 2021).  

3.9. Group membership classification 

To further explore potential group differences that may have been overlooked, we also 

performed two additional MVPC analyses targeting group membership (MDD vs. HC) as 

a follow-up. In the first analysis, we classified group membership based on activation 

patterns within the selected 20 ROIs under both left- and right-NF conditions. For each 

ROI, a leave-one-subject-out cross-validated classification was conducted separately for 

the two NF conditions, yielding two classification accuracy values. To test whether 

classification accuracy in any ROI was significantly above chance level (50%), one-

sample t-tests were conducted across ROIs for each NF condition, followed by Bonferroni 

correction. Statistically p < 0.05 was considered significant.  

In the second analysis, we first calculated a run-based similarity matrix for each subject 

and ROI. Then, the vectorized similarity matrices (the lower triangular part excluding the 

diagonal) was used as input features for group membership classification, again using a 

leave-one-subject-out cross-validated approach. In addition to one-sample t-test, we 

evaluated the statistical significance of classification performance by permutation test, 

randomly shuffling the group labels and repeating each subject-classification 1000 times, 

which generated a null distribution of classification accuracies and enabled the 

computation of a p-value for each ROI.  
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4. Results 

4.1. Whole-brain classification accuracy 

4.1.1. Searchlight mapping 

The whole-brain searchlight analysis assessed activation patterns during cognitive 

reappraisal training supported by fMRI NF. The comparison between NF targeting left 

and right vlPFC revealed highly significant classification accuracy, particularly in some 

cognitive emotion regulation areas. The second-level searchlight map detected high 

classification accuracy (cluster-wise pFWE < 5*10-11) in a wide-spread network, 

encompassing bilateral pre-/postcentral gyri, supplementary motor area (SMA), 

prefrontal cortex (SFG/MFG/IFG), superior and middle temporal gyri (STG/MTG), 

anterior and middle cingulate cortex (ACC/MCC), insula, precuneus, as well as the left 

angular gyrus (see Fig. 2A). Considering the control group only at a cluster-wise 

threshold of pFWE < 10-6, similar brain regions emerged as those observed in all subjects, 

including bilateral pre-/postcentral gyri, SMA, prefrontal cortex (SFG/MFG/IFG), STG 

and MTG, ACC and MCC, angular gyri, precuneus, and insula. However, in the patients 

with MDD, the group map exhibited less extended clusters than the control group at the 

same significance threshold (see Fig. 2B); only SMA, paracentral lobule, ACC, and MCC 

remained significant in both hemispheres, with a primarily left-lateralized pattern in pre-

/postcentral gyrus, prefrontal cortex (SFG/MFG/IFG), STG, MTG, insula, and precuneus 

(for details see Fig. 2B and a detailed list in Table 1).  

In the direct group comparisons (HC > MDD and MDD > HC), the HC group exhibited 

higher classification accuracy compared to the MDD group in a rather small cluster 

emerged in the right hemisphere at the superior and middle occipital gyri (SOG/MOG), 

superior parietal lobule, and angular gyrus at an uncorrected significance threshold of p 

< .001 at the voxel level (see Fig. 3A; Table 2). However, the cluster did not survive 

FWE-correction.  Further, the inverse contrast (MDD > HC) did not reveal any group 

effect even at the uncorrected level (p < .001).  

4.1.2. Group effects in ROI analysis 

We performed MVPC in the normalized space for the selected 94 ROIs. In general, the 

MNI-based ROI MVPC yielded decoding results consistent with the native-space 

searchlight MVPC. Subject-wise accuracy in the ROIs was estimated as 

64.6029±13.1619% across both groups being significantly higher than the 50% chance 

level (p < .001, Bonferroni-corrected). The accuracy measures appeared to be higher in 
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the left than in the right hemisphere (left: 65.0266±13.0763%, right: 64.1792±13.2353%; 

p < .001 in paired t-tests). The descriptive comparison of classification accuracy between 

the two groups revealed differences in the left MCC, bilateral superior occipital gyri 

(SOG), right middle occipital gyrus (MOG), and right angular gyrus at an uncorrected p 

< .05 (two-sample t-test) (Fig. 3B; Table 2). The bilateral occipital ROIs survived FDR-

correction for multiple comparison (left SOG: qFDR = 0.0117; right MOG: qFDR = 

0.0208). These findings are in line with the contrast map of group comparison in the 

searchlight analysis above.  
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Fig. 2. Whole-brain searchlight maps for activation pattern decoding during left vs right vlPFC-

targeted cognitive reappraisal NF training. (A) The searchlight map of the combined group (All), 

thresholded at cluster-wise FWE-corrected p < 5*10-11, revealed high classification accuracy in a wide-

spread network, including bilateral pre-/postcentral gyri, SMA, prefrontal cortex, STG and MTG, 

ACC and MCC, insula, precuneus, as well as the left angular gyrus. (B) Healthy controls (HC) showed 

similar brain regions to all subjects, whereas patients with major depressive disorder (MDD) showed 

only some left-lateralized regions at the same significance threshold, including bilateral SMA, 

paracentral lobule, ACC and MCC, as well as the left pre-/postcentral gyrus, prefrontal cortex, STG, 

MTG, insula, and precuneus. Results were thresholded at cluster-wise FWE-corrected p < 10-6.  

 

 

Fig. 3. (A) Group comparison in native-based searchlight analysis. Healthy individuals (HC) showed 

higher classification accuracy compared to patients (MDD) in the right SOG, MOG, superior parietal 

lobule, and angular gyrus at the voxel-wise uncorrected p < .001 threshold. No clusters survived FWE-

correction. (B) Group comparison in MNI-based ROI analysis. At a descriptive level, decoding 

accuracy exhibited significant group differences in the left MCC, bilateral SOG, right MOG, and right 

angular gyrus (uncorrected p < .05). *For left SOG and right MOG, the comparison survived FDR 

correction. The dotted line represents the chance level (50%). L, left hemisphere; R, right hemisphere. 
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Table 1 

List of brain regions with significant classification accuracy for left- and right-targeted cognitive 

reappraisal NF training. 

Cluster  Brain regions MNI coordinates t kE 

x y z 

All 

1 Bilateral SMA, SFG, MFG, IFG, STG, MTG, pre-/postcentral gyrus, precuneus, 

insula, ACC, MCC, PCC, paracentral lobule, hippocampus; Left supramarginal, 

superior/inferior parietal lobule, angular gyrus, striatum, superior occipital gyrus 

  -4 10 70 13.90 32043 

HC 

1 Bilateral SMA, SFG, MFG, IFG, STG, MTG, pre-/postcentral gyrus, ACC, MCC, 

PCC, angular gyrus, precuneus, supramarginal, paracentral lobule, superior/inferior 

parietal lobule, superior/inferior occipital gyrus, hippocampus; Left insula 

  -6 10 68 10.31 42026 

2 Bilateral cerebellum -28 -70 -26 8.96 1881 

3 Right IFG, insula 54 22 2 8.87 895 

MDD 

1 Bilateral SMA, paracentral 

lobule, ACC, MCC; Left 

precuneus 

-6 8 72 9.42 4267 

2 Left pre-/postcentral gyrus, 

IFG, insula 

-46 -12 40 8.96 3784 

3 Left SFG, MFG -26 32 42 8.48 1236 

4 Left STG, MTG -64 -28 8 8.45 670 

Cluster-wise FWE-corrected threshold of p < 5*10-11 and p < 10-6. SMA, supplementary motor area; 

SFG, superior frontal gyrus; MFG, middle frontal gyrus; IFG, inferior frontal gyrus; STG, superior 

temporal gyrus; MTG, middle temporal gyrus; ACC, anterior cingulate cortex; MCC, middle cingulate 

cortex; PCC, posterior cingulate cortex.  

 

Table 2 

Comparison of native-based searchlight analysis and MNI-based ROI analysis on brain regions with 

significant group effects. 

Brain regions MNI coordinates t kE puncorr 

x y z 

Searchlight analysis in native space (HC > MDD) 

Superior occipital gyrus (R) 30 -74 52 3.69 188 - 

Superior parietal lobule (R) 

Middle occipital gyrus (R) 
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Angular gyrus (R) 

ROI analysis in MNI space (HC vs MDD) 

Middle cingulate & paracingulate gyri (L)      0.0373 

Superior occipital gyrus (L)      0.0026 

Superior occipital gyrus (R)      0.0335 

Middle occipital gyrus (R)      0.0024 

Angular gyrus (R)      0.0293 

Searchlight results are reported on a voxel-level threshold of uncorrected p < .001; L, left hemisphere; 

R, right hemisphere.  

 

4.2. Pattern consistency in cognitive emotion regulation regions 

To provide further insight into the extent to which activation patterns are similar in each 

neurofeedback condition during cognitive reappraisal training, we implemented RSA in 

the 20 ROIs related to cognitive emotion regulation for both the patient group and the 

control group. Already in the visual comparison, all representational similarity matrices 

(RSMs) revealed higher similarity within each neurofeedback condition (as seen in the 

diagonal blocks) and relatively lower between conditions, suggesting condition-specific 

neural representations and emphasizing the differences of lateralized neurofeedback. Fig. 

4A shows the average RSM across all subjects and ROIs for illustration.  

In each RSM, the pattern consistency was calculated as the ratio of the average of the 

lower triangular part of each diagonal block to that of the entire matrix. To find out 

whether the pattern consistency of lateralized neurofeedback training differs between the 

patient group and the control group, we investigated the interaction effect between Group 

and Condition over the pattern consistency by applying two-way ANOVAs [Group (HC, 

MDD) × Condition (Left NF, Right NF)] to each ROI. None of the main effects for group 

and condition yielded a significant effect (all p > .2, except the condition effects for both 

ACC; Table 3). However, the analyses revealed significant interactions in the left 

precentral gyrus (F(1,72) = 7.1144, p = 0.0085, qFDR = 0.0384), right precentral gyrus 

(F(1,72) = 4.2592, p = 0.0408, qFDR = 0.0460), the right IFG (opercular part) (F(1,72) = 

6.2115, p = 0.0138, qFDR = 0.0208), and the left SMA (F(1,72) = 6.3596, p = 0.0128, 

qFDR = 0.0287). The main effects for both Group and Condition as well as the interaction 

effect for Group  × Condition before and after FDR correction on all selected 20 ROIs 

are summarized in Table 3. The significant values are highlighted in bold.  

Table 3 

Two-way ANOVAs of pattern consistency on the selected 20 ROIs. 
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Brain regions Index 

AAL2 

p-value for contrasts (without / with FDR) 

G C G×C G×CFDR 

Precentral gyrus (L) 1 0.6719 0.6169 0.0085* 0.0384* 

Precentral gyrus (R) 2 0.3767 0.6522 0.0408* 0.0460* 

Superior frontal gyrus (L) 3 0.657 0.2198 0.2304 0.0865 

Superior frontal gyrus (R) 4 0.7157 0.7172 0.1972 0.0987 

Middle frontal gyrus (L) 5 0.8519 0.3793 0.1984 0.0893 

Middle frontal gyrus (R) 6 0.6368 0.685 0.2043 0.0836 

Inferior frontal gyrus, opercular part (L) 7 0.8739 0.7205 0.1323 0.0993 

Inferior frontal gyrus, opercular part (R) 8 0.4434 0.885 0.0138* 0.0208* 

Inferior frontal gyrus, triangular part (L) 9 0.6883 0.7233 0.1482 0.0954 

Inferior frontal gyrus, triangular part (R) 10 0.4786 0.8822 0.2833 0.0981 

Inferior frontal gyrus, orbital part (L) 11 0.4374 0.5118 0.9926 0.2235 

Inferior frontal gyrus, orbital part (R) 12 0.5942 0.6081 0.3349 0.1005 

Supplementary motor area (L) 15 0.5017 0.9631 0.0128* 0.0287* 

Supplementary motor area (R) 16 0.9501 0.6515 0.059 0.0532 

Insula (L) 33 0.672 0.8265 0.5536 0.1385 

Insula (R) 34 0.6865 0.8345 0.3211 0.1033 

Anterior cingulate & paracingulate gyri (L) 35 0.6323 0.077 0.193 0.1087 

Anterior cingulate & paracingulate gyri (R) 36 0.6836 0.0948 0.492 0.1385 

Amygdala (L) 45 0.7464 0.3683 0.8989 0.2130 

Amygdala (R) 46 0.7954 0.4978 0.5493 0.1455 

Bold values highlight significance in F-tests for single contrasts, including FDR correction for 

interactions, *p < .05; G, group; C, condition; L, left hemisphere; R, right hemisphere. Index number 

is taken from the AAL2 atlas.  

Post-hoc two-sample t-tests indicated a significant group effect under the left NF 

condition across all four ROIs, including the left precentral gyrus (HC: 1.1063 ± 0.2053, 

MDD: 0.9997 ±  0.2053; t(72) = 2.2331, p = 0.0287), the right precentral gyrus (HC: 

1.1422 ±  0.2784, MDD: 1.0221 ±  0.2179; t(72) = 2.0668, p = 0.0424), the right IFG 

(opercular part) (HC: 1.0838 ±  0.1611, MDD: 0.9895 ±  0.1910; t(72) = 2.2969, p = 

0.0245), the left SMA (HC: 1.1640 ± 0.2407, MDD: 1.0381 ± 0.2212; t(72) = 2.3421, p 

= 0.0219), with the MDD group exhibiting significantly lower pattern consistency than 

the HC group. In contrast, no significant group differences were observed under the right 

NF condition in any of these ROIs - the left precentral gyrus (HC: 1.0371 ± 0.2006, MDD: 

1.1090 ± 0.2266; t(72) = -1.5539, p = 0.1246), the right precentral gyrus (HC: 1.0398 ± 

0.2494, MDD: 1.0877 ± 0.2411; t(72) = -0.8403, p = 0.4035), the right IFG (opercular 

part) (HC: 1.0075 ± 0.1698, MDD: 1.0574 ± 0.1807; t(72) = -1.2236, p = 0.2251), the 
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left SMA (HC: 1.0628 ± 0.1976, MDD: 1.1356 ± 0.2893; t(72) = -1.2639, p = 0.2104), 

suggesting that the lower pattern consistency in the MDD group was specific to the left 

NF condition, but not the right NF condition (see Fig. 4B). Additionally, in the left 

precentral gyrus, the MDD group also showed a significantly lower pattern consistency 

during the left NF condition compared to the right NF condition (Left NF: 0.9997 ± 

0.2053, Right NF: 1.1090 ± 0.2266; t(72) = -2.1730, p = 0.0331). In support of the ROI 

findings in the MVPC, depression seems to be associated with a less separation of left vs 

right NF activation patterns. In particular, the gain of the left-NF in the healthy control 

group seems to be disturbed in the patient group. 
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Fig. 4. Representational similarity analysis (RSA) and pattern consistency in cognitive emotion 

regulation regions. (A) An example of representational similarity matrix (RSM) across all subjects and 

all ROIs is displayed. The diagonal blocks indicate condition-specific neural representations and 

emphasize the differences of neurofeedback lateralization. (B) The pattern consistency exhibited 

significant interaction effects between Group (HC, MDD) and Condition (Left NF, Right NF) in the 

bilateral precentral gyri, the right IFG (opercular part), and the left SMA. Specifically, the pattern 

consistency of the patient (MDD) group was significantly lower compared to that of the control (HC) 

group for the left but not the right neurofeedback (NF) condition. The error bars represent the standard 

error across subjects. Int. represents the interaction effect. *p < .05.  

 

4.3. Correlation between pattern consistency and other assessment 

changes 

Based on RSA results, we further performed correlational analyses in the 4 most relevant 

ROIs, i.e., the ROIs with significant group-condition interaction: the bilateral precentral 

gyri, the right IFG (opercular part), and the left SMA. We wanted to explore whether 

improvements in training effects, depressive symptoms, and behavioral assessments 

before and after neurofeedback training were associated with neural pattern consistency 

under left and right NF conditions, and whether these associations differed between the 

MDD and HC groups. However, no significant or potentially relevant relationships were 

observed (all | r | < 0.1, all p > 0.05). All brain-assessment relationships are illustrated in 

Fig. 5.  

4.4. Group membership classification accuracy 

To further explore potential group differences for the neural representations, we 

conducted group membership classifications on the selected 20 ROIs using activation 

patterns from both conditions and the vectorized-RSMs of individuals. In the activation-

pattern-based classification, leave-one-subject-out cross-validation was performed 

separately for the Left NF and Right NF conditions. One-sample t-tests revealed no ROI 

with classification accuracy above chance level for either condition (Left NF: t(19) = 

0.7390, p = 0.4689; Right NF: t(19) = -1.4600, p = 0.1606). Full classification results are 

presented in Table 4.  

In the RSM-based classification, vectorized lower-triangular similarity matrices were 

used as input features. While the one-sample t-test again showed no significant above-

chance accuracy across ROIs (t(19) = -1.8287, p = 0.0832), permutation testing (1,000 

iterations) revealed significant classification performance in the left insula (p = 0.0330). 
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Detailed accuracy values and permutation-based p-values for all ROIs are provided in 

Table 5, with significant results highlighted in bold.  
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Fig. 5. Brain-assessment relationships. No significant relationships between pattern consistency and 

other assessment changes (within-run learning slope, reduction in symptom severity, increase in 

cognitive reappraisal use, and reduction in suppression use) were found in 4 relevant ROIs, including 

the bilateral precentral gyri, the right IFG (opercular part), and the left SMA, in either group under 

both NF conditions.  

 

Table 4 

Group membership classification of activation patterns in the selected 20 ROIs under both NF 

conditions. 

Brain regions Left hemisphere Right hemisphere 

Left NF Right NF Left NF Right NF 

Precentral gyrus 48.1607 50.3378 50.2252 48.2357 

Superior frontal gyrus 51.7267 47.9730 51.2387 49.2492 

Middle frontal gyrus 50.9760 49.2492 52.7778 51.9144 

Inferior frontal gyrus, opercular part 47.4850 45.6081 48.6862 47.6351 

Inferior frontal gyrus, triangular part 49.2117 47.7853 50.5631 48.1607 

Inferior frontal gyrus, orbital part 50.3754 48.1982 51.8018 48.2733 

Supplementary motor area 48.8739 54.9550 51.0511 50.6757 

Insula 48.1982 49.2868 49.5871 49.7748 

Anterior cingulate & paracingulate gyri 48.3859 49.1742 52.0646 49.9249 

Amygdala 52.8153 50.7132 51.1261 50.3003 

Classification accuracy (%) with chance level at 50%.  

 

Table 5 

Group membership classification based on vectorized-RSMs in the selected 20 ROIs. 

Brain regions Left hemisphere Right hemisphere 

Accuracy 

(%) 

p-value Accuracy 

(%) 

p-value 

Precentral gyrus 55.41 0.2627 56.76 0.1978 

Superior frontal gyrus 43.24 0.7582 50.00 0.4935 

Middle frontal gyrus 59.46 0.1608 47.30 0.6384 

Inferior frontal gyrus, opercular part 47.30 0.5754 45.95 0.6484 

Inferior frontal gyrus, triangular part 33.78 0.9720 45.95 0.6873 

Inferior frontal gyrus, orbital part 43.24 0.7483 35.14 0.9530 

Supplementary motor area 52.70 0.3826 44.59 0.7273 

Insula 64.86 0.0330* 39.19 0.8841 

Anterior cingulate & paracingulate gyri 37.84 0.9261 40.54 0.8521 

Amygdala 41.89 0.8072 50.00 0.4725 

Bold values highlight significance of tests, *p < .05.  
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5. Discussion 

In MDD patients and healthy controls, we decoded multivariate brain activation during a 

rt-fMRI NF-guided cognitive reappraisal training to investigate mechanisms involved in 

lateralized NF training. The whole-brain searchlight analysis revealed highly significant 

above-chance classification accuracy between left and right vlPFC-targeted NF. In 

contrast to null findings in the univariate analysis, distinct distributed patterns emerged 

within the expected emotion regulation network, including bilateral prefrontal, parietal, 

temporal, and subcortical areas. ROI analysis indicated a lower accuracy in the MDD 

group compared to the HC group in bilateral occipital areas. In a similar vein for the 

patients, RSA revealed significantly lower pattern consistencies in the bilateral precentral 

gyri, the right IFG, and the left SMA only during the left-NF condition. These findings 

extend findings from previous univariate analyses and indicate that multivariate patterns 

may reflect important aspects of NF learning. In particular, the robust and distributed 

differences for the target regions suggest rather specific reorganization in contrast to 

unspecific activation changes described previously (Buhle et al., 2014; Kohn et al., 2014). 

For the therapeutic application of localized NF in MDD, the underlying mechanisms may 

be rather specific, depending on feedback targets and presentation, and required previse 

delineation for optimization. 

5.1. Whole-brain decoding of lateralized neurofeedback 

Group analysis of searchlight MVPC on all subjects indicated that the comparison of left- 

and right-NF activation patterns successfully engaged a wide-spread emotion regulation 

network (see above for included regions). This is largely in accordance with emotion 

regulation areas commonly recruited during reappraisal to reduce negative emotion 

mentioned in previous neuroimaging studies (Buhle et al., 2014; Kohn et al., 2014) as 

well as in line with our first hypothesis. This result indicates that the lateralized cognitive 

reappraisal training indeed evoked different activation patterns in regions related to 

emotion regulation, suggesting that the laterality of neurofeedback is associated with local 

network reconfiguration which is fundamental for cognitive flexibility and executive 

function (Braun et al., 2015; Finc et al., 2020; Shine & Poldrack, 2018). The previous 

findings supported a specific role of left-NF compared to right-NF in cognitive 

reappraisal processes and emotion regulation improvement, but such laterality effect 

between left- and right-NF was not observed in the whole-brain univariate analysis 

(Keller et al., 2021). Our results provide neural evidence for understanding specific brain 

functions in lateralized neurofeedback and further highlight the advantage of MVPA in 
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detecting and decoding neural activity. Additionally, we also observed hemispheric 

lateralization in the engaged areas, with differences in brain activation patterns between 

left- and right-NF showing a greater impact on the left hemisphere. This suggests that 

brain functional network reconfiguration during lateralized-NF training may also exhibit 

hemispheric asymmetries (Hartwigsen et al., 2021; Wang et al., 2023).  

In addition, we evaluated searchlight maps separately for the MDD group and the HC 

group using the same significant threshold. Both groups recruited similar brain regions as 

the whole sample, involving key regions implicated in emotion regulation. However, 

notable differences emerged in terms of hemispheric asymmetry. The HC group displays 

a relatively bilaterally symmetrical distribution of regions compared to the MDD group, 

which suggests that healthy individuals may engage both hemispheres in a more balanced 

manner to encode activation patterns during lateralized neurofeedback, potentially 

indicating more flexible or coordinated interhemispheric modulation (Ocklenburg & Guo, 

2024; Shen et al., 2015). In contrast, the MDD group showed an obvious lateralized 

distribution, with clusters mainly localized in the left hemisphere, especially in frontal 

and temporal regions (Brzezicka, 2013; Zweerings et al., 2019). This asymmetry may 

reflect a biased or less integrated neural strategy in individuals with depression, 

potentially indicating altered functional specialization (Hartwigsen et al., 2021) or 

reduced interhemispheric communication (Ocklenburg & Guo, 2024). This finding aligns 

with literature reports of decreased interhemispheric connectivity in MDD patients (Cao 

et al., 2024; Li et al., 2025; Xu et al., 2013; Zhang et al., 2023; Zheng et al., 2022), 

suggesting that difficulties in integrating information across hemispheres may affect the 

ability of MDD patients to encode specific brain regions. These results highlight the 

importance of considering hemispheric lateralization in neurofeedback protocols, 

especially in clinical populations.  

Interestingly, despite the recruited brain regions exhibited differences on hemispheric 

asymmetry between the two groups at the same significant threshold, direct comparisons 

of the searchlight maps did not reveal significant group differences between the MDD 

and HC groups. This suggests that while MDD may be associated with general 

lateralization tendencies (Belden et al., 2015; Briceño et al., 2013), the underlying neural 

mechanisms supporting differential engagement of left- and right-NF appear to remain 

functionally preserved in both hemispheres. One possible interpretation is that individuals 

with MDD may retain a relatively lower ability to differentiate between left- and right-

NF conditions than healthy controls at the whole-brain level, resulting in clusters on the 
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right hemisphere not surviving in the MDD group. Nonetheless, the hemispheric 

asymmetry of encoding differences between left- and right-NF did exist in all subjects. 

On the other hand, although no statistically significant group differences emerged after 

correction for multiple comparisons, uncorrected results revealed slightly lower 

classification accuracies in MDD patients in small areas of the right occipital gyrus, 

parietal lobe, and angular gyrus. This finding fits the basic sensory processing deficits in 

depression (Feng et al., 2025). Prior research by Qiao et al. (2020) suggested that 

cognitive flexibility may be supported by effective connectivity between the fronto-

parietal and visual regions. This model may also help explain our findings, which may 

reflect weaker connectivity within such network in MDD patients, potentially indicating 

impaired cognitive flexibility during neural encoding processes (Zheng et al., 2024). 

However, as these regions are not directly relevant to the primary aims of the current 

study and the uncorrected results are not statistically robust, we do not pursue further 

interpretation and discussion of these differences.  

Further investigation using normalized-space ROI-based MVPC revealed that, in the 

context of uncorrected, regions with statistically significant group effects were generally 

consistent with those identified by the native-space searchlight MVPC. This convergence 

across two distinct analytical approaches not only supports the validity and 

reproducibility of our findings but also highlights the methodological rationality and 

robustness of using both fine-grained (voxel-level and region-level) decoding techniques. 

Moreover, this also lays a foundation for the subsequent RSA conducted within 

normalized-space ROIs.  

5.2. Neural encoding stability of lateralized neurofeedback 

RSA-based pattern consistency allowed us to assess and interpret neural encoding 

stability during cognitive emotion regulation under different NF conditions and groups, 

which could not be captured by MVPC alone. In the RSMs, we observed a clear 

distribution of higher within-condition similarity compared to between-condition 

similarity for both left-NF and right-NF conditions, suggesting that the brain 

representations elicited by left and right neurofeedback training were not only distinct but 

also consistently reproducible within each condition. Such within-condition pattern 

stability reflects condition-specific modulation (Forkmann et al., 2013) and validates the 

sensitivity of lateralized neurofeedback in inducing functionally distinct brain states.  

Apart from that, to quantify and compare the extent of encoding stability across NF 

conditions and groups, we calculated the consistency of neural activation patterns across 
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trials as a measure for representational performance (Lee et al., 2015, 2019). Two-way 

ANOVA of pattern consistency between Group (HC, MDD) and Condition (Left NF, 

Right NF) revealed significant interaction effects in several key regions, including the 

bilateral precentral gyri, the right IFG (opercular part), and the left SMA, indicating an 

inverse relationship between neurofeedback condition and group in pattern consistency. 

More specifically, under the Left NF condition, we observed significantly lower pattern 

consistency in the MDD group compared to the HC group in these ROIs, suggesting that 

individuals with MDD may have a reduced ability to engage and sustain stable neural 

representations during left-targeted neurofeedback. The precentral gyrus and SMA are 

critically involved in motor execution and motor planning (Hanakawa et al., 2003, 2008). 

The IFG, as part of the prefrontal cortex, is usually associated with higher-order cognitive 

control (Friedman & Robbins, 2022; Miller, 2000; Tops & Boksem, 2011). These regions 

have been considered to play key roles in cognitive self-regulation (Kohn et al., 2014) 

and reduced pattern consistency in them may reflect impairments of volitional control or 

sustained attention in MDD patients (Krämer et al., 2014; Piani et al., 2022).  

Conversely, under the Right NF condition, the differences between MDD and HC were 

attenuated (did not reach statistical significance), suggesting that right-lateralized 

neurofeedback may be less affected by depressive pathology and implying that deficits in 

neural encoding during cognitive reappraisal in MDD may be more specific to left-

targeted neurofeedback (our second hypothesis). This asymmetric effect may echo earlier 

findings of hypoactivity in the left prefrontal and motor-related areas in depression 

(Belden et al., 2015; Briceño et al., 2013), indicating that lateralization abnormalities in 

MDD may extend beyond general activation deficits to also include encoding 

mechanisms as well as neuroplasticity involved in cognitive self-regulation (Price & 

Duman, 2020). Importantly, such lateralized changes may not occur in isolation. The 

prefrontal and motor-related regions are functionally connected to broader neural 

networks, including the executive control network (ECN), which supports goal-directed 

behavior and cognitive regulation (Spreng et al., 2010; Zanto & Gazzaley, 2013), and the 

default mode network (DMN), which is frequently overactive or dysregulated in 

depression and is associated with rumination and self-referential thinking (Chou et al., 

2023; Sheline et al., 2009). This functional asymmetry may disrupt the dynamic balance 

between large networks such as the ECN and the DMN, both of which are implicated in 

depression (Zhao et al., 2019). We propose that lateralized-NF encoding deficits in 

depression may represent a core neural mechanism underlying its pathophysiology and 
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lateralized neurofeedback protocols may hold potential for restoring interhemispheric 

balance and improving cognitive regulatory capacity.  

5.3. Behavioral relevance of pattern consistency 

Although RSA revealed condition-specific group differences on pattern consistency in 

motor- and cognitive control-related ROIs, our correlation analyses did not identify 

significant associations between neural pattern consistency and changes in training 

performance, depressive symptoms, or behavioral measures across neurofeedback 

procedure. This lack of brain-behavior relationships suggests that, within these regions, 

the stability of neural representation may not directly translate into measurable clinical or 

behavioral improvement (Westlin et al., 2023), at least within the limited training runs or 

sample size of the current study.  

Several factors may underlie this null finding. First, rather than a one-to-one mapping of 

specific brain representations to specific behaviors, a single behavior may be influenced 

by complex cognitive processes, which may mean that underlying cognitive processes are 

not linearly related to obvious behavioral changes (Westlin et al., 2023). Second, inter-

individual variability in symptom trajectory or strategy use during neurofeedback may 

obscure consistent brain-behavior associations. Third, despite some significant 

differences in pattern consistency were observed, the corresponding effect sizes may still 

be relatively small, resulting in the possibility that the magnitude of these differences may 

not be insufficient to yield detectable associations with behavioral changes (Gratton et al., 

2022).  

5.4. Group membership classification 

The additional group membership classification analyses provided further insight into 

differences in underlying group-level neural representations. While the activation-

pattern-based classification failed to identify any ROI with significantly above-chance 

accuracy, the RSM-based approach revealed a significant classification effect in the left 

insula based on permutation testing. This finding suggests that the overall similarity 

construction of multivoxel activation patterns across the two lateralized NF conditions 

may carry subtle information distinguishing MDD from HC individuals. The insula is 

broadly associated with emotional awareness, interoceptive processing, and affective 

regulation, functions that are often disrupted in patients with MDD (Sliz & Hayley, 2012), 

which may explain its sensitivity to group-level differences observed in our multivariate 

analysis. However, as only one ROI survived permutation testing under a relatively loose 
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threshold, the robustness and generalizability of this result should be interpreted with 

caution and requires further validation in larger samples.  

5.5. Comparison of MVPA with other analysis methods 

The primary aim of this study was to deepen the understanding of the neural mechanisms 

underlying cognitive reappraisal neurofeedback process by adopting a multivariate 

analytical perspective. Traditional univariate analysis methods focus on identifying 

global differences in mean activation between conditions or groups, but multivariate 

analysis approaches such as MVPC and RSA offer a complementary insight by capturing 

the spatial structure and informational content of activity distributed across voxels or 

regions (Jimura & Poldrack, 2012). Previous univariate analyses did not reveal any 

significant differences in overall activation levels across NF conditions, nor between-

group differences under different NF conditions (Keller et al., 2021). However, in the 

current study, our MVPA findings suggest that despite average signal differences may be 

minimal, the way information is encoded in neural populations can differ substantially 

across groups and conditions during neurofeedback process. This difference underscores 

the greater sensitivity of multivariate methods in detecting subtle but functionally 

meaningful differences in neural coding, particularly in studying cognitive and emotional 

processes, which are often encoded in distributed, overlapping neural systems (McKenna 

& Eyler, 2012; Salzman & Fusi, 2010). In the context of psychiatric disorders, where 

dysfunction may manifest as decreased pattern stability or reduced representational 

specificity rather than overall signal loss (Gao et al., 2025), multivariate techniques are 

especially valuable. Therefore, the application of MVPA in this context not only 

strengthens our interpretation of neurofeedback-related changes but also highlights the 

importance of incorporating multivariate framework when studying psychiatric 

populations and evaluating the effectiveness of interventions targeting complex, 

distributed neural processes.  

Functional connectivity, such as psychophysiological interaction (PPI) or seed-based 

correlation, is another analytical approach that can provide insights into the systematic 

structure of brain activity by examining large-scale network changes and inter-regional 

correlations (Friston, 2011; Friston et al., 1997; O’Reilly et al., 2012). Such connectivity 

changes are already evident in depression (Kaiser et al., 2015), with results revealing 

reduced connectivity within fronto-parietal control systems, as well as imbalanced 

connectivity between control systems and networks involved in internal or external 

attention. In the context of cognitive neurofeedback, previous generalized 
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psychophysiological interaction (gPPI) analysis also revealed lower functional 

connectivity of the bilateral vlPFC and the left superior parietal cortex in MDD group 

(Keller et al., 2021), which may be associated with less recruitment of the fronto-parietal 

regulatory network involved in reappraisal and the fronto-parietal attention network. 

Importantly, our current results indicate that neurofeedback in patients with depression 

may not only elicit long-range connectivity changes but also lead to local changes in 

activity patterns related to specific cognitive processes, such as cognitive reappraisal, 

which may rely on the ability to flexibly recruit and sustain activation in prefrontal 

regions and SMA (Pierce et al., 2022). If the neural patterns supporting these processes 

become unstable or less distinct, as suggested by our RSA findings in the MDD group, 

this may hinder the implementation and success of reappraisal strategies. From a systems 

neuroscience perspective, these two levels of dysfunction, network-level dysconnectivity 

and local representational instability, may reflect complementary mechanisms of 

impaired information processing in depression, jointly contributing to difficulties in 

cognitive and emotional regulation.  

5.6. Limitations 

One technical limitation of the present study is that our ROI-based RSA were conducted 

in normalized space (template) rather than in native individual space. While this approach 

facilitates group-level comparisons and integration across subjects, it may introduce 

spatial normalization errors (Glasser et al., 2013), especially in populations with altered 

brain anatomy such as MDD (Zhang et al., 2018). Nevertheless, supplementary analyses 

comparing results between normalized space and native space revealed minimal 

differences, supporting the robustness of our findings across alignment strategies.  

A second limitation lies in the use of volumetric space for analysis, which does not 

account for cortical folding patterns. Given that functional organization typically aligns 

with the cortical surface, surface-based analyses that preserve the topology of the cortical 

sheet may offer greater anatomical precision and sensitivity to inter-individual variability 

in functionally relevant regions (Oosterhof et al., 2011). Future studies employing 

surface-based MVPA may provide deeper insights into the spatial specificity of 

neurofeedback-induced activation and the cortical architecture underlying lateralized 

neural dynamics.  

Finally, our current results do not allow us to determine whether improvements in 

symptoms or strategy use are associated with enhanced neural encoding stability induced 

by neurofeedback. The relatively small sample size and modest effect sizes in neural 
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decoding may limit statistical power (Gratton et al., 2022; Marek et al., 2022). Future 

work may benefit from incorporating larger samples and longitudinal tracking of 

representational change. Additionally, integrating neural decoding with behavioral-

modeling approaches (Kay et al., 2008) may help uncover more detailed and dynamic 

brain-behavior relationships underlying neurofeedback learning and clinical outcomes.  

5.7. Conclusion 

To the best of our knowledge, this study is the first to apply MVPA to decode NF data 

during cognitive emotion regulation in both healthy individuals and MDD patients, which 

explores the neural mechanisms underlying lateralized cognitive neurofeedback training 

from a multivariate perspective. By adopting a multivariate framework, we identified 

distinct neural encoding patterns associated with lateralized NF during cognitive emotion 

regulation, and observed reduced pattern stability in MDD group compared to HC group 

under the left-NF condition. Our findings not only provide novel neural evidence for 

lateralized NF-based cognitive reappraisal processes that were not detected by traditional 

univariate analyses, but also highlight the strength of MVPA in capturing representational 

structure and regional coordination, particularly in the context of complex, distributed 

neural processes such as neurofeedback and altered brain states like MDD. Future 

neurofeedback protocols may benefit from personalized designs that take into account 

functional lateralization characteristics and disorder-specific neural vulnerabilities.  
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6. Summary 

Neurofeedback (NF)-supported cognitive reappraisal training has shown promise for 

improving emotion regulation in psychiatric disorders, particularly major depressive 

disorder (MDD). Previous findings from a real-time functional magnetic resonance 

imaging NF (rt-fMRI NF) study indicated that left compared to right ventrolateral 

prefrontal cortex (vlPFC) modulation was associated with faster learning and greater 

emotion regulation, consistent with established models of cognitive reappraisal 

lateralization (Keller et al., 2021). Despite these promising findings, traditional univariate 

whole-brain analyses failed to reveal significant neural evidence for such lateralized 

effects or corresponding group differences between MDD patients and healthy controls.  

Using multivariate pattern analysis (MVPA), this study examined rt-fMRI NF data from 

37 patients with MDD and 37 healthy controls to investigate neural representations of 

lateralized NF training. A whole-brain searchlight multivariate pattern classification 

(MVPC) decoded brain activity distinguishing left- and right-NF conditions and revealed 

high classification accuracies in areas involved in emotion regulation such as 

supplementary motor area (SMA), inferior frontal gyrus (IFG), insula, and anterior 

cingulate cortex (ACC); these effects even survived very conservative correction for 

multiple comparisons (pFWE < 5*10-11). In addition, representational similarity analysis 

(RSA)-based pattern consistency measured neural encoding stability in 20 regions of 

interest (ROIs) related to emotion regulation and showed significantly lower values in the 

MDD compared to the control group during the left-NF condition in the bilateral 

precentral gyri, the right IFG (opercular part), and the left SMA (p < .05; no group 

difference during right-NF condition, all p > .1).  

These results demonstrate that multivariate approaches can capture subtle, distributed 

neural differences in NF-guided emotion regulation, which may be overlooked by 

conventional univariate analyses. Significant differences in the searchlight analysis 

suggest that the laterality of the NF target is associated with local network reconfiguration 

and such connectivity modulation is critical for cognitive flexibility and executive 

function. Further, the encoding deficits in MDD during left-targeted NF may reflect a 

neural mechanism underlying its pathophysiology. MVPA offers a valuable tool for 

characterizing complex cognitive and affective processes such as training of emotion 

regulation, with implications for understanding dysregulated cognitive processes in MDD 

and its neuroplastic treatment.  
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