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Abstract

Real-time functional magnetic resonance imaging (rt-fMRI) is a non-invasive imaging
technique with the potential to help us understand and train both normal and abnormal
brain functioning. As fMRI records whole-brain, spatially-localized, patterns of activity in
response to stimuli, neurofeedback capitalizes on this data by adjusting stimuli to drive neural
responses. When applied to the clinical domain, rt-fMRI can provide specific training to the
region or cognitive process thought to be deviant from healthy subjects. Given the potential
of rt-fMRI, explorationmust be done to develop newmethods and uncover inherent limita-
tions of this technique. This thesis represents work done to realize the potential of rt-fMRI
for driving specific cognitive changes. While the current application of rt-fMRI is primarily
focused on the treatment of depression, the experimental techniques can similarly be applied
to other clinical populations.

Chapter 2 reviews differences in how depressed and control subjects allocate attention.
Attention encapsulates many cognitive processes, from initial encoding to sustained main-
tenance of stimuli. The review highlights the variability in results that are dependent upon
the task used. This motivates the exploration of different real-time experimental designs and
tasks to improve mental health; two such projects are detailed in Chapters 3 and 4.

The study described in Chapter 3 directly aims to reduce depression severity through at-
tention training,while the experiments presented inChapter 4 explore thepossibility ofmod-
ifying story interpretations. In parallel, we developed an open-source cloud-based software
framework for real-time processing. Our pipeline and experiments can be deployed at other
institutions, with the hope that this encourages growth of the rt-fMRI community.
Altogether, the work presented in this thesis tests the feasibility of rt-fMRI to be used to

alter thought through neurofeedback. The findings in the respective experiments help us to
understand the capabilities of this technique, while the cloud software facilitates future use.
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1
Introduction

In fact, fMRI is not andwill never be a mind reader, as some of

the proponents of decoding-based methods suggest, nor is it a

worthless and non-informative ‘neophrenology’ that is

condemned to fail, as has been occasionally argued.

Nikos K Logothetis

1



1.1 fMRI: Mapping thoughts

Functional magnetic resonance imaging (fMRI) research has grown in complexity since the

discovery that the blood-oxygen-level-dependent (BOLD) signal tracked neural responses to

stimuli (Blamire et al., 1992; Ogawa et al., 1992). Initially, fMRI researchers localized where

the brain processed information, such as categories (e.g.., faces in the fusiform face area; Grill-

Spector et al., 2004) and emotions (e.g., fear in the amygdala; Armony &Dolan, 2002).

Since the initial focus on localization, neuroscientists have explored howmental states are

represented as distributed patterns of activity across multiple regions (Haxby et al., 2001;

Norman et al., 2006; Cohen et al., 2017). This updated framework increased the compu-

tational demands placed on researchers. As a result, fMRI researchers adopted machine

learning tools that were suited for handling large data sets by finding signal in noisy, high-

dimensional data with limited samples (e.g., Chen et al., 2015).

Following the advances in analysis techniques, fMRI researchers gained insight into cogni-

tive processes such as memory (Polyn et al., 2005; Detre et al., 2013), communication (Has-

son et al., 2012; Nguyen et al., 2019), decision-making (Schuck et al., 2016), and statistical

learning (Schapiro et al., 2018). Growth in both fMRI expertise and computational power

continues todrive thefield forward. For instance, optimized algorithmsonhigh-performance

computing systems allow efficient calculation of correlations between every pair of volumet-

ric pixels, or voxels, in the brain given a times series of fMRI data (≈1010 samples;Wang et al.,

2016; Cohen et al., 2017).

Capitalizing on the ability to measure complex brain states, fMRI researchers designed

ways to harness, and try to control, functional activity. We discuss real-time fMRI (rt-fMRI),

2



first in its initial stages, and later how it is used in our research.

1.2 Real-time fMRI neurofeedback

While rt-fMRI is not a recent development (e.g., Cox et al., 1995; see reviews Sulzer et al.,

2013; Cohen et al., 2017; Sitaram et al., 2017; Watanabe et al., 2017; Young et al., 2018;

Thibault et al., 2018; Shibata et al., 2019), advances in computing hardware, scanning se-

quences, and analysis methods have led to significant expansion since the early implemen-

tations of this technique. Efficient computing systems have allowed rt-fMRI researchers to

incorporate multiple neural regions into the neurofeedback signal, e.g., based on distributed

patterns of activity (LaConte et al., 2007) or functional connectivity between two regions

(Yamada et al., 2017; Ramot et al., 2017)

1.2.1 General advantages

The benefits of rt-fMRI are twofold: (1) rt-fMRI neurofeedback offers a directmeasurement

of cognition and (2) the feedback is customized to an individual’s response.

In terms of the first advantage, using neural as opposed to behavioral feedback is a more

direct way tomanipulate underlying brain activity. Controlling the signal of interest directly

allows feedback that is faster and more accurate. Of note, the recent behavioral training

paradigms that adjusted stimuli in real-time have not yielded success consistently in clini-

cal groups (e.g., using eye-movement and cognitive control training, as inMöbius et al., 2018

and Koster et al., 2017, respectively). While behavioral training is easier to deploy in clini-

cal settings, behavior may be too far removed from the neural process of interest, and thus

limited in the ability to manipulate the neural processes driving the behavior.

3



Previous research has suggested that fMRI is more sensitive to certain response differences

between clinical and healthy groups. For instance, fMRI can reveal attentional biases in

depression that are not captured with behavioral tasks alone. Discussed in Chapter 2 and

Mennen et al. (2019), neural, but not behavioral, response differences are found between

depressed and control subjects when negative stimuli are presented very quickly (Gotlib &

Joormann, 2010;Mogg&Bradley, 2005; Suslow et al., 2010; Victor et al., 2013, 2010, 2012).

Additionally, neurofeedback with fMRI specifically has whole-brain recording capabil-

ity, which allows the localization of subcortical structures. Compared to the less-costly elec-

troencephalography (EEG)-based feedback, rt-fMRI can alter neural signals in fewer sessions

(Thibault et al., 2018) and can localize regions with better resolution (Abreu et al., 2018;

Meir-Hasson et al., 2014; Thibault et al., 2018; Kadosh & Staunton, 2019).

Customized feedback offers the flexibility to adjust to individual responses, unlike pre-

programmed training. Adapting to a subject’s performance in real-time can help to ensure

continued participation in the task. Shortcomings in behavioral training used on depressed

individuals may be in part due to the lack of engagement. Attention training tasks to reduce

the negative bias in depression typically use a one-size-fits all approach, whichmay contribute

to its mixed efficacy (e.g., see Hallion &Ruscio, 2011 and Jones & Sharpe, 2017). Addition-

ally, the authors of Koster et al. (2017) concluded in their review of cognitive control training

tasks that engagement predicted the clinical benefits (Siegle et al., 2014; Koster et al., 2017).

Thus, even though rt-fMRI research requires more resources than other real-time methods

(such as behavior or EEG), the benefits specific to using rt-fMRIwarrant further exploration

of this intensive technique.
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1.2.2 Clinical applications

A sizable fraction of rt-fMRI experiments (18% of the studies included in Thibault et al.,

2018) is dedicated specifically to clinical research, demonstrating widespread interest in har-

nessing rt-fMRI to improve mental health. Rt-fMRI is well-suited for clinical populations,

as the customized training can adjust to heterogeneity across individuals.

Additionally, the spatial resolution of fMRI data allows researchers to study and regu-

late neural responses that are unique to the clinical condition (Stoeckel et al., 2014). Differ-

ences between clinical and healthy populations are well-documented in fMRI research; for

instance, regarding depression, see Sheline et al. (2001, 2009, 2010); Siegle et al. (2007b); Ya-

mada et al. (2017); Yu et al. (2019); Satterthwaite et al. (2016); Fales et al. (2008); Kaiser et al.

(2015). Thus, established differences between clinical and healthy populations can serve as

inspiration for future neurofeedback training.

As fMRI researchers continue to develop new ways to understand clinical conditions, rt-

fMRI researchers can incorporate the state-of-the-art approaches into real-time training. For

instance, Xia et al. (2018) determined specific behavioral symptoms thatwere themost highly

correlated with pathological functional connectivity patterns. This data-driven approach to

define functional biomarkers is one case where rt-fMRI neurofeedback can capitalize on this

finding and develop specific treatments based on psychiatric symptoms.

1.2.3 Gaps in the rt-fMRI field

Although there has been major growth in rt-fMRI research, there are areas that warrant fur-

ther exploration. A large portion of research seeks to regulatemean signalmagnitude, instead

ofmultivariate patterns of distributed activity. Decodedneurofeedback from individual task-
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related multivariate patterns (e.g., food cravings) represented a minority of studies (12/99)

included in the Thibault et al. (2018) review.

In addition to common processing pipelines, another limitation of rt-fMRI is a lack of

robust behavioral findings, particularly after controlling for placebo and demand character-

istics (Thibault et al., 2018). Out of the 41 studies reviewed in Thibault et al. (2018) that

included a control group, only 24 out of 41 neurofeedback studies found stronger behav-

ioral effects in the neurofeedback group. Maintaining significant results after including a

well-suited control group is an important issue that the field must confront (Sorger et al.,

2019).

One innovative example of rt-fMRI successfully regulating brain states without changing

behavior is reported in Taschereau-Dumouchel et al. (2018). This study used neurofeedback

to train phobic subjects to subconsciously associate reward with an animal they feared. The

study successfully lowered the amygdala’s response and skin-conductance response (SCR)

to those animals. However, there was no report of lowering clinical measures of fear, which

were subjectively reported. In the authors’ more recent paper, Taschereau-Dumouchel et al.

(2019), further analyses showed that the physiological responses to fear and subjective expe-

rience of fear were represented differently in the brain. As a result, the authors cautioned

others against equating the twomeasurements, which has particular relevance for neurofeed-

back studies that target specific regions thought to be related to behavior.

By attempting to decode and subsequently regulate cognitive stateswith rt-fMRI, we hope

to avoid the shortcomings of rt-fMRI research mentioned above. We hypothesize that reg-

ulating complex mental states can more robustly yield behavioral effects than regulating av-

erage regional activity or manipulating representations that are unrelated to the task (e.g.,
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subconscious categorical representations). Below, we discuss how our studies provided indi-

vidualized feedback at the moment our subjects were in a certain cognitive state (e.g., attend-

ing to a negative face).

Additionally, another branch of work in this thesis focused on a separate limiting factor

in the rt-fMRI field: the large demand of resources required to set up and execute a neuro-

feedback study. To advance state-of-the-art infrastructure in this domain, we developed an

open-source real-time cloud framework for easier sharing and executionof real-time software.

We hope this software helps the community by reducing the technical barriers preventing

widespread neurofeedback research.

1.3 How this thesis addresses the gaps

In each of the chapters to follow, we focus on how rt-fMRI neurofeedback can be used to

reinforce one brain pattern to prevail over another.

First, in Chapter 2, we discuss clinical applications of attention training, as attentional

allocation has been shown to differ between healthy and depressed participants (Kellough

et al., 2008; Armstrong &Olatunji, 2012; Price et al., 2013; Sanchez et al., 2013; Joormann,

2004; Cisler & Koster, 2010). We explore one instance in detail: depressed subjects are more

likely to attend to negative information. By characterizing the most robust differences in the

attentional processes between depressed and control subjects, we can design more effective

neurofeedback experiments.

In Chapter 3, we build on the existing literature and directly test the efficacy of rt-fMRI

to ‘unstick’ depressed subjects from a sustained negative attentional state. In the experiment,

we tracked brain signatures of attention through multivariate decoding of different image
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categories. We then monitored how rt-fMRI training changed depressive symptoms, as well

as other behavioral and neural markers related to depression. While rt-fMRI neurofeedback

has been tested on depressed populations many times (Linden et al., 2012; Linden, 2014;

Yuan et al., 2014; Young et al., 2014; Zotev et al., 2016;Mehler et al., 2018; Young et al., 2018;

Thibault et al., 2018;MacDuffie et al., 2018; Yamada et al., 2017), this experiment differed in

the training approach. First, we regulated multivariate representations of attention instead

of mean signal magnitude. Second, the neurofeedback was closed-loop, in that the feedback

display was integral to the task itself, instead of being a separate metric that subjects had to

monitor alongside the task.

In Chapter 4, we describe another experiment aimed at regulating the interpretation of an

ambiguous spoken story. As depressed subjects also have a tendency to interpret ambiguous

information negatively (Everaert et al., 2017, 2018), we explored the potential of using rt-

fMRI training to bias interpretations. Our study was based on Yeshurun et al. (2017), which

set a precedent for decoding the interpretation of an ambiguous story (offline). We used the

same story stimulus to train a classifier on the data reported in Yeshurun et al. (2017) to es-

tablish template brain states corresponding to the two different story interpretations, prior to

recruiting real-time subjects. This project represents the first rt-fMRI experiment designed

to manipulate the interpretation of a dynamical, naturalistic story.

Additionally, the specific application of our cloud-based real-time processing platformwill

bediscussed in each corresponding chapter. Next,wediscuss thebackgroundandmotivation

for its development.
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1.4 Cloud computing

As mentioned above, most rt-fMRI studies train participants to regulate the mean BOLD

signal magnitude within a particular region. Althoughmultivariate-basedmethods generally

yield greater sensitivity (Oblak et al., 2019), they are substantially more complex and compu-

tationally demanding. Thus, despite the widespread advancement of offline analyses, multi-

variate approaches have not been widely deployed in the real-time domain. This limitation is

a major barrier to rt-fMRI research.

The core challenge in rt-fMRI research is that analysesmust be completed rapidly in order

to provide prompt feedback. These steps may include: detecting new fMRI images from

the scanner withinmilliseconds of arrival, performing image registration, continually updat-

ing classification models over the course of a scanning run, translating classification results

into feedback, updating the feedback display, and recording behavioral responses. If the neu-

rofeedback signal is continuously updated (as in deBettencourt et al., 2015), all processing

steps must be completed within a 1-2 second acquisition window for each volume or repeti-

tion time (TR). Evenwhen intermittent feedback is used (as inHellrung et al., 2018), the data

processing rate remains high because larger batches of data are processed. The processing de-

mands may then require cluster or cloud computing, which may only increase obstacles for

researchers, as network communication adds more complexity.

A diverse skill set in software engineering is required in order to satisfy the technical re-

quirements mentioned above. Our aim is to provide software to consolidate IT efforts, limit

hardware costs, and reduce the expertise needed for doing rt-fMRI research. Without fo-

cused effort to expand the capabilities and ease of use, the field is at risk of stagnating and
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never reaching its potential to understand and treat brain-based pathologies using fMRI.

With the adoption of an open-source real-time cloud (rt-cloud) framework, the field can

benefit in several ways. The standardized pipeline allows easier sharing and replication of a

given experiment. Using shared software and resources promotes cross-institutional collabo-

ration and facilitates community maintenance and development of the code base. Addition-

ally, experimentswill be less expensive, as the cloud service relies on a pay-as-you-gomodel. In

the clinical realm, lower costs and ease of use will be crucial to persuade medical institutions

to adopt neurofeedback training protocols.

Both of the experiments detailed in Chapters 3 and 4 served as pilots for designing the

rt-cloud framework, in collaboration with software engineer Grant Wallace, as part of the

Brain Imaging Analysis Kit (BrainIAK; https://brainiak.org). Each experiment differed

in rt-fMRI application, both in qualitative theoretical approach and quantitative method.

The common use of our pipeline is a testament to the flexibility of our rt-cloud platform.

 
 

Figure 1.1: Diagram of cloud processing components. Reprinted with permission from Grant Wallace. VM = virtual ma-
chine; RT = real-ঞme
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1.5 Summary

Altogether, this thesis explores the potential of using rt-fMRI tomodify thought trajectories.

As thoughts are dynamic, distributed, and complex innature,muchof thiswork is devoted to

properly quantifying the corresponding neural signal. In the following chapters, we discuss

both the promising results and the need for follow-up studies to defend the specific contri-

butions of neurofeedback. Aswework to fulfill the latter requirement, cloud-based real-time

processing will allow future experimental iterations to be executed efficiently.
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2
Negative attentional bias in depression *

... [attention] itself, though its genesis is doubtless perfectly

natural, makes experience more than it is made by it.

William James

One of the most common symptoms of depression is the tendency to attend to negative

*The contents of this chapter were published inMennen et al. (2019)
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stimuli in the world and negative thoughts inmind. This symptom is especially nefarious be-

cause it is also a cause— biasing processing to negatively valenced information, thus worsen-

ing mood, and exacerbating the condition. Here we attempt to systematize the diverse body

of recent research on the negative attentional bias from across cognitive and clinical psychol-

ogy in order to identify recurring themes and devise potential mechanistic explanations. We

leverage theoretical progress in our understanding of healthy attention systems in terms of

internal versus external components. With this lens, we review approaches to training atten-

tion that might reduce the negative attentional bias, including behavioral interventions and

real-time neurofeedback. Although extant findings are somewhat mixed, these approaches

provide hope and clues for the next generation of treatments.

2.1 Introduction

Negative attentional bias in depression— the tendency of depressed individuals to focus on

negative stimuli and thoughts more than healthy individuals — has been the subject of re-

search spanning multiple decades, much of it seeking to explain why the bias is not always

observed (Gotlib & Joormann, 2010; Mogg & Bradley, 2005; Jones & Sharpe, 2017). This

topic continues to inspire the development of new tasks and training paradigms that have

leveraged insights from prior research and new technology. Here we review recent work in

this field and explore how basic cognitive investigations of changes in perception and atten-

tion in depression may lead to progress in understanding the nature of the bias, and conse-

quently, potential treatment approaches for ameliorating it.
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2.2 Internal Attention

To begin characterizing the negative attentional bias and addressing inconsistencies in the lit-

erature, we leverage the framework of internal versus external attention (Chun et al., 2011).

External attention involves allocating attention to stimuli in the current sensory environ-

ment, whereas internal attention operates overmental representations not directly supported

by the environment, such as thoughts, emotions, memories, and tasks. Depressed patients

perform differently from healthy individuals in both domains. In this section we address

different forms of internal attention and related training approaches, before turning to ex-

ternal attention in the next section. First, we highlight two processes that involve attention

to internal representations: cognitive control and emotion regulation.

2.2.1 Cognitive control

Relative to healthy individuals, depressed individuals show general deficits in executive func-

tions such as rule shifting, verbal working memory, updating, planning, verbal fluency, psy-

chomotor speed, and especially inhibition (Koster et al., 2017; Snyder, 2013). This behavioral

difference is often attributed to prefrontal hypoactivity (see Snyder, 2013; Figure 2.1), as de-

pressed individuals performworse than healthy controls on cognitive control taskswhen dor-

solateral prefrontal cortex (DLPFC) activity is lower than controls, but notwhenDLPFCac-

tivity is greater than controls (Snyder, 2013; Holmes & Pizzagalli, 2007;Wagner et al., 2006).

Impairments in cognitive control are less robust for at-risk subjects (those identified by a dys-

phoric mood and high tendency to ruminate) who are completing tasks with neutral mate-

rials, but they are consistently found in tasks employing negatively valenced stimuli (Koster

et al., 2017). Additionally, deficits in memory performance are most apparent when tasks

14



Figure 2.1: Neural circuit illustraঞng how both sঞmulus-driven and goal-directed pathways can drive the negaঞve a�en-
ঞonal bias in depressed subjects (dashed lines indicate weakened funcঞonal connecঞons in depression). Negaঞve sঞmuli
trigger a cascade of increased acঞvity (red) from thalamus→ amygdala→ subgenual cingulate. The DLPFC and thus ACC
respond with reduced acঞvity (blue), which in turn reduces inhibiঞon of the amygdala and prolongs processing of negaঞve
sঞmuli. Reprinted with permission from Disner et al. (2011)
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are relatively unconstrained by instructions, which is thought to allow depressed individu-

als to spontaneously ruminate on negative thoughts, especially about themselves (Gotlib &

Joormann, 2010).

These executive deficits associated with depression led to the development of cognitive

control training (CCT) — multiple training sessions on tasks devised to improve executive

function by demanding inhibition of habitual responses. Tasks that require increased focus

on neutral stimuli, such as sounds and numbers, reduce rumination (Siegle et al., 2007a) and

depressive symptoms (Siegle et al., 2007a; Calkins et al., 2015), though not always in a gen-

eralized manner (Koster et al., 2017). A recent review that evaluated CCT across different

depressed populations from subclinical to those in remission concluded that it was most ef-

fective when subjects had cognitive impairments before training but were also attentive to

the task (Koster et al., 2017). Emotional stimuli are infrequently incorporated into CCT

training, but this was shown to improve clinical results in one study (Iacoviello et al., 2014).

2.2.2 Emotion regulation

Depressed individuals show increased internal attention to negative representations of the

past, which leads to extended rumination, ineffective cognitive reappraisal of negative sit-

uations (Gotlib & Joormann, 2010), and negative interpretations of affectively ambiguous

scenarios (Gotlib& Joormann, 2010;Mogg&Bradley, 2005;Hallion&Ruscio, 2011). This

latter negative interpretation bias tends to persist despite the revelation of new, positive in-

formation (Everaert et al., 2018) and is more pronounced when self-referential prompts are

used (Everaert et al., 2017). Although depression is associated with attention deficits, it can

also lead to better concentration on negative self-thought and improvedmemory for negative
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information, in contrast to healthy individuals who are more likely to attend to and remem-

ber positive information (Gotlib& Joormann, 2010). A possible explanation for this finding

is that depressed individuals are more likely to already be in a negative mood, and this con-

gruent context makes negative information easier to remember (Gotlib & Joormann, 2010).

One approach for modifying the negative interpretation bias is to train patients to inter-

pret ambiguous words or phrases in a positive way with cognitive bias modification for inter-

pretation (CBM-I).CBM-Ihas been found to reduce thenegative interpretationbias, though

sometimes without transfer to other aspects of depression (LeMoult et al., 2018).

2.3 External attention

Tasks that elicit external attention— attention to one’s immediate environment— also cap-

ture the negative bias in depression. Although these tasks invoke perceptual processes by pre-

senting negative words and/or images, we do not assume that external attention is the only

mechanism at play (e.g., these stimuli could trigger negative memories or rumination). Still,

we distinguish these tasks from those discussed above for their separate designs, results, and

training attempts. Specifically, we limit our focus to tasks that measure attention towards

negative stimuli as well as inhibition of attention away from negative stimuli.

2.3.1 Spatial attention

Much of the research in this domain involves variants of the dot-probe task, in which a probe

target immediately replaces one of two stimuli that differ in emotion (Gotlib & Joormann,

2010;Mogg& Bradley, 2005). Detection of this probe is faster when it replaces the stimulus

being attended than when it replaces the unattended stimulus. In this way, negative bias can
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be calculated by computing the difference in reaction time to detect a probe that replaces a

negative stimulus versus a positive or neutral stimulus. Such biases are found more reliably

when the images are presented for longer durations (e.g. 500–1000ms; Gotlib & Joormann,

2010; Mogg & Bradley, 2005).

The dot-probe task has been adapted for a form of attention training known as attention

bias modification (ABM). In ABM, the probe is placed behind the less-negative stimulus

more often than the negative stimulus. Such training has been associated with decreases in

depression severity (Beevers et al., 2015; Browning et al., 2012; Li et al., 2016a) and improve-

ments in mood (Cooper et al., 2014). However, other studies found null results and identi-

fied potential methodological confounds, including using the same task for training and test-

ing (Duque & Vazquez, 2018). Indeed, meta-analyses including studies using either ABM

or CBM-I show that such training modifies the negative bias in depression inconsistently;

CBM-I tends to yield larger effect sizes than those derived fromABM training, both for anx-

ious and depressed samples analyzed together (Hallion & Ruscio, 2011) and analyzed sepa-

rately (Cristea et al., 2015), whatever effect that exists is smaller for depressed than anxious

individuals (Jones & Sharpe, 2017; Hallion & Ruscio, 2011) and not significant for either

clinical population with outliers removed (Cristea et al., 2015), and the number of training

sessions is inversely related to study efficacy (Cristea et al., 2015). Of note, the meta-analyses

(Jones & Sharpe, 2017; Hallion & Ruscio, 2011; Cristea et al., 2015) included additional

ABM paradigms apart from the dot-probe task, but the dot-probe task was the most preva-

lent (Jones & Sharpe, 2017). One possible explanation for these mixed results could be how

researchers measure depressive symptoms, as the effects of training can be more robust if

a stressor precedes the test (Hallion & Ruscio, 2011). Moreover, tasks that rely on spatial
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probes to measure reaction times at the end of a trial cannot distinguish the roles of specific

attention mechanisms (Duque & Vazquez, 2018); this is better accomplished by studies de-

signed to capture inhibitory processes, discussed next.

Figure 2.2: Eye-tracking data showing reacঞon ঞmes a[er either a�ending toward or away from an emoঞonal face (paired
with a neutral face), in both depressed (MDD) and control (CTL) parঞcipants. The results clearly show that the main
impairment in depressed paঞents involves disengaging from sad faces. Reprinted with permission from Sanchez et al.
(2013)

2.3.2 Disengagement

Where and when people look during natural viewing of emotional images provides a more

continuous readout of behavior that can help quantify and distinguish different components

of external attention, such as initial selection, sustained attention to relevant stimuli, and dis-

engagement from irrelevant stimuli (Duque & Vazquez, 2018; Kellough et al., 2008; Eizen-

man et al., 2003; Caseras et al., 2007). Indeed, eye-tracking studies have shown that depres-
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sion is associated with slower disengagement from negative stimuli (see Sanchez et al., 2013;

Figure 2.2). That is, depressed andnon-depressed individuals are equally likely to initially ori-

ent towards negative stimuli, but once these stimuli are in the focus of attention, depressed

patients struggle to reorient attention elsewhere (Caseras et al., 2007). A meta-analysis of

eye-tracking studies confirmed this finding and further showed that the bias for the initial

selection component of external attention reflects reduced selection of positive stimuli in de-

pression rather than increased selection of negative stimuli (Armstrong &Olatunji, 2012).

Other behavioral data point to a problem in inhibiting negative information (Everaert

et al., 2017), which may prevent depressed individuals from being able to disengage. One

way to measure inhibition is in terms of negative priming— the tendency to respond more

slowly to an item after having ignored it on a previous trial when it served as a distractor.

(Note: ‘negative’ in negative priming does not have any relation to valence, but is rather used

to indicate that the effect is opposite to the typical facilitation by priming.) Larger negative

priming indicates successful inhibition and smaller (or nonexistent) negative priming indi-

cates unsuccessful inhibition. Compared to controls, depressed individuals show less neg-

ative priming when attending to negatively valenced words and images after having just ig-

nored them as distractors. This suggests a failure to disengage from these stimuli, a tendency

that was related to rumination (Gotlib & Joormann, 2010). This disengagement deficit in

depression can be found for neutral stimuli as well (Gotlib & Joormann, 2010), consistent

with reduced inhibition in depressionmore generally (Golomb et al., 2009). The attentional

differences are not always detrimental: depressed individuals responded faster than controls

on a go/no-go taskwhen responding to negativewords and ignoring positivewords (Erickson

et al., 2005).
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Given the successful demonstration of negative biases with eye movements, eye-tracking

has also been used for attention training, often by guiding overt external attention toward

less negative stimuli (Vazquez et al., 2016; Ferrari et al., 2016; Möbius et al., 2018). These

paradigms train subjects to look towards more positive stimuli by ending trials only after the

participant has fixated on the desired stimulus for aminimum amount of time. Although eye

movement training has succeeded in reducing time spent viewing negative stimuli, training

has not yet been able to transfer to depression-related symptoms such as mood after a stress-

inducing task (Ferrari et al., 2016;Möbius et al., 2018). Another promising training approach

involves using eye-tracking to deliver real-time feedback about where a person is looking. In

one such study (Sanchez et al., 2016), participants sawpositive and negativewords and had to

unscramble them to form a positive sentence. Their fixations caused the font color to change

to either green or red depending on whether they were looking at positive or negative words,

respectively. The purpose of this was to help the subjects stay focused on the positive, with

the goal ofmodifying their negative interpretationbias. Eye-tracking feedbackmight bemore

effective than merely guiding the eyes away from negative stimuli because incorporating the

feedback might engage internal attention processes. Consistent with this, the benefit of eye-

based feedback training for reducing the negative attentional bias was mediated by changes

in cognitive control (Sanchez et al., 2016).

2.4 Neurofeedback training

Another class of cutting-edge training approaches does not fit cleanly under internal or ex-

ternal attention, and so we discuss it here separately. These approaches incorporate neural

signals into the training, based on findings that fMRI can reveal signatures of the negative at-
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tentional bias in depressed individuals not apparent in their behavior (Gotlib & Joormann,

2010;Mogg&Bradley, 2005; Suslow et al., 2010; Victor et al., 2013, 2010, 2012). We are not

referring to using neural signals as a dependent measure of successful training or symptom

change, as has been done in studies that collected fMRI scans before and after behavioral

training (Beevers et al., 2015; Li et al., 2016a; Hilland et al., 2019; Wiers & Wiers, 2017).

Rather, to the extent that specific brain regions are responsible for the negative attentional

bias, directly training these regions with neurofeedback from real-time fMRI (rt-fMRI) may

induce behavioral improvement. This implicates both internal and external attention be-

cause the neurofeedback is based on internal states of the brain related to tasks, goals, and

strategies, but it is delivered as a salient visual stimulus in order to externalize these states and

influence subsequent processing.

Rt-fMRI neurofeedback is an emerging field, but there is already substantial research that

demonstrates the feasibility of decoding and altering different aspects of cognition. Monitor-

ing attentional states based purely onneural data has provenpossible in healthy subjects. One

study found performance differences after trials were triggered in real-time during ‘good’ or

‘bad’ neural attentional states (Hinds et al., 2013). Another study aimed to reduce the ex-

tent to which depressed individuals attended to negative distractors (Schnyer et al., 2015), by

decoding and providing feedback on how they oriented attention away from negative faces

and towards neutral scenes. Other clinically motivated studies trained depressed subjects

to regulate specific brain regions in real-time while performing a task. Examples of train-

ing paradigms and their respective clinical success include training depressed subjects to: (1)

decrease anterior cingulate cortex (ACC) activity while performing individualized cognitive

behavioral therapy strategies on negative autobiographical memories, which predicted self-
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reported efficacy (post-training) of the cognitive behavioral strategy practiced in real-time

(MacDuffie et al., 2018); (2) increase amygdala activity while recalling positive autobiograph-

icalmemories, which reduced depressive symptoms (see Young et al., 2017, 2018; Figure 2.3);

and (3) decrease salience network activity while viewing negative images, which lowered self-

reported responses to negative stimuli (Hamilton et al., 2016).

Figure 2.3: Neurofeedback training adapted with permission from Young et al. (2018). (a) Two neurofeedback target
ROIs: le[ amygdala for the experimental group and le[ horizontal segment of the intraparietal sulcus for the control
group. (b) Example feedback display when subjects think of happy memories and try to increase the red bar (signaling ROI
acঞvity) to the target blue bar height. (c) Results adapted with permission from Young et al. (2017) showing a change in
amygdala acঞvity over training for the experimental group (green) and not the control group (orange), matching a behavioral
improvement (lower depression severity scores) specific to the experimental group. Reprinted with permission from the
American Journal of Psychiatry (Copyright © 2017). American Psychiatric Associaࢼon. All rights reserved.
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Neurofeedback based on functional connectivity (i.e. correlation in activity over time be-

tweenbrain regions) is also apromising avenue for attention training, as changes in functional

connectivity are associated with reduction in depressive symptoms. For example, upregulat-

ing amygdala activity increases connectivity between the left amygdala and left cuneus in a

way that predicts reduction of depressive symptoms (Yuan et al., 2014). More generally, at-

tention training may increase connectivity within frontal areas and decrease connectivity be-

tween frontal and insular areas (Wiers &Wiers, 2017). Successful treatment has been linked

to activity within the insular cortex itself (Hilland et al., 2019) and to connectivity between

precuneus and medial frontal gyrus (Beevers et al., 2015). Even in healthy subjects, training

on a neutral flanker task can increase resting-state connectivity between the amygdala and

right inferior frontal gyrus (Cohen et al., 2016). This change in connectivity after cognitive

control training couldmotivate future research to improve cognitive control through neuro-

feedback that rewards increased connectivity between these regions.

Although fMRI provides unparalleled access to brain states, other neurofeedback tech-

nologies have the advantage of being more portable and less costly. For example, the combi-

nation ofCCT and transcranial direct current stimulation (tDCS) reduces depression symp-

toms even lasting through a follow-upvisit (Segrave et al., 2014). This benefitwas greater than

either CCT or tDCS alone, highlighting potentially unique contributions of behavioral and

neural attention training. Another approach to translating fMRI neurofeedback to more

portable techniques like EEG is to first perform simultaneous fMRI and EEG to derive an

EEGcorrelate of activity only visible to fMRI, such as from the amygdala (Meir-Hasson et al.,

2014). This EEG correlate can then be used for neurofeedback outside of the scanner, for

example, to train soldiers to downregulate amygdala activity in response to a computerized
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stressful situation in preparation for combat (Keynan et al., 2019).

Although not all of the clinical studiesmentioned above sought to train attention directly,

they offer insight into neural manipulations that could be used to obtain a desired clinical

outcome. In the future, internal or external attention could be selectively trained through

deliberate design of the task and by targeting specific brain regions. For example, one could

use paradigms that load heavily on internal attention, such as reappraising a negative mem-

ory to a positive one as in (MacDuffie et al., 2018), while targeting neuralmeasures associated

with internal attention, such as frontal activity, fronto-limbic connectivity, or decoded emo-

tional states (Li et al., 2016b). To train external attention away from negative stimuli, one

could present images that vary in terms of image category and valence (e.g. negative faces and

neutral scenes as in Schnyer et al., 2015), and use a category-based classifier of neural activ-

ity to identify, and provide neurofeedback about, how much the negative stimulus is being

attended (e.g., howmuch face evidence there is in the brain).

2.5 Conclusions

Depression and other mental health disorders are associated with biases and deficits in atten-

tion. Our focus in this review was on the negative attentional bias. We synthesized diverse

behavioral and neural findings using modern theoretical frameworks from the study of at-

tention, and then we considered various behavioral and neural training programs that have

potential as innovative treatments. Our hope is that this progress will eventually help break

the vicious cycle in depression of the bias resulting in increased processing of negative stimuli

and thoughts, these experiences worsening mood, which exacerbates the bias and increases

processing of negative information, further worsening mood, and so on. In this way, treat-
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ing the negative attentional bias may lead to a broader reduction in a range of depression

symptoms.
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3
Closed-loop neurofeedback to improve

negative attentional bias in depression *

...the process of getting stuck in your thinking, not being able

to redirect your attention, is at the core of this debilitating

characteristic of depression.

Jutta Joormann

*Portions of this chapter were presented at the 2019 rtFINConference with coauthors N.B. Turk-Browne,
D. Seok, M.T. deBettencourt, K.A. Norman, and Y.I. Sheline.
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3.1 Introduction

Depressed individuals process negative stimuli differently from healthy subjects, leading to

differences in attention, memory, and cognitive control (Gotlib & Joormann, 2010; Mogg

& Bradley, 2005; Jones & Sharpe, 2017; Koster et al., 2017; Snyder, 2013). Neurally, de-

pressed subjects tend to show larger and more prolonged responses to negative stimuli (Dis-

ner et al., 2011). This may manifest clinically as rumination, or the automatic replay of neg-

ative thoughts (Gotlib & Joormann, 2010; Nolen-Hoeksema et al., 2008). Given that de-

pressed subjects attend more to negative information, researchers have designed paradigms

to train participants to reduce this negative bias, and ultimately, depression severity (Gotlib

& Joormann, 2010; Mogg & Bradley, 2005).

One approach typically usedwith depressed subjects is attention biasmodification (ABM)

training. Here, participants are trained to shift overt spatial attention away from negative

stimuli and/or towards positive stimuli (Wells & Beevers, 2010; Browning et al., 2012; Li

et al., 2016a; Cooper et al., 2014; Duque & Vazquez, 2018). A second approach, cognitive

bias modification for interpretation (CBM-I;Mathews&Mackintosh, 2000), trains subjects

to adopt the positive interpretation of an ambiguous situation (e.g., Joormann et al., 2015).

Following training, subjects are typically able to learn the reinforced behavior, for example,

by attending less to negative stimuli (Wells & Beevers, 2010; Beevers et al., 2015). However,

transfer to clinical measures (e.g., decreasing depression severity or self-reported rumination)

have been found less consistently (see Hallion & Ruscio, 2011; Kruijt et al., 2013; Jones &

Sharpe, 2017; Cristea et al., 2015). One limiting factor may be that this pre-programmed

training approach is inflexible to individual differences, such as varying moments of atten-
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tional lapses, effort, or understanding.

More recent approaches to attention training have used behavior-based real-time feedback,

by presenting subjects with their mouse (Sanchez-Lopez et al., 2019a) or eye (Sanchez et al.,

2016; Sanchez-Lopez et al., 2019b) positions in real-time. In these experiments, participants

unscrambled sentences to form a positive meaning, while real-time feedback displayed where

they were attending. The feedback added red or green outlines around individual words, de-

pending on if the attended word was negative or positive, respectively. Though this training

approach has yet to be tested in clinical populations, healthy participants showed promising

improvements in reappraisal (Sanchez et al., 2016) and decreases in rumination (Sanchez-

Lopez et al., 2019a,b). This use of real-time feedback brought awareness to current atten-

tional states, which may yield clinical efficacy in the future.

While behavioral training has been the common approach to reduce attentional biases in

depression, behavioral biases are a second-order effect, while differences in neural process-

ing are the underlying cause. Functional magnetic resonance imaging (fMRI) may allow for

observations that are “closer to the source” of the biases, and, thus, potentially a more sen-

sitive measurement of these differences. Indeed, depressed subjects show neural – but not

behavioral – evidence of increased processing of negative stimuli that are presented quickly

(Mennen et al., 2019). In this vein, we seek to combine the advantages of customized, rapid

feedback with the benefits of using neural measurements of attention.

A previous study that trained sustained attention in healthy subjects (deBettencourt et al.,

2015) demonstrated the potential of real-time fMRI (rt-fMRI) neurofeedback. Participants

received visual feedback based on their brain activity during an attention task. The task con-

sisted of overlaid face and scene images with mixed opacity values. As subjects responded to
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the cued, or go category, they had to simultaneously ignore the other un-cued, or no − go,

category. Neurofeedback was closed-loop, or directly integrated with the task. For instance,

if the neural data indicated that subjects were attending more to the incorrect category (e.g.,

faces), then that category would become more opaque (e.g., faces would become prominent

and scenes would become more transparent). In this way, the task became more difficult

during attentional lapses by forcing subjects to try harder to push themselves out of poor

attentional states.

This study found that after a single rt-fMRI neurofeedback session, there were signifi-

cant pre- to post-neurofeedback improvements in attention. Importantly, these changeswere

larger than those in a yoked control feedback group, who received feedback based on some-

one else’s brain activity. Thus, this study proved that individualized feedback based on neural

activity was advantageous to improve sustained attention.

3.1.1 Current study

Webasedour current studyon the closed-loopneurofeedbackprocedure fromdeBettencourt

et al. (2015). We chose this approach because of the direct involvement of sustained attention

in both the task and neurofeedback signal. Other neurofeedback techniques that regulate re-

gion of interest (ROI) activity have found clinical successwith depressed populations (Young

et al., 2018). However, self-regulation of ROI activity is not necessarily tied to a specific cog-

nitive state (Taschereau-Dumouchel et al., 2019).

In our current study, instead of trying to improve sustained attention to neutral stimuli

in healthy subjects, our goal was to reduce negative attentional bias in depressed subjects.

To adapt the study accordingly, we changed the neurofeedback task so subjects always had
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to ignore negative faces. In this way, depressed subjects had to ‘unstick’ themselves when

showing sustained negative attention to the prominent negative faces. Of note, a pilot study

previously tested this neurofeedback task and found promising results for seven depressed

participants (Schnyer et al., 2015).

We built upon previous versions of this task andmade changes inmultiple domains. First,

we included two groups: a depressed group and a healthy control group. Second, we in-

cluded three sessions of neurofeedback training. Lastly, we included additional behavioral

and neural measures to capture changes over time.

Overall, our goals were to (1) decrease depression severity with rt-fMRI neurofeedback

training, (2) determine which neural and behavioral tasks yielded robust pre-neurofeedback

group differences, and (3) for the tasks found in (2), reduce the group differences after neu-

rofeedback. Because we wanted to optimize our treatment first, we did not include a control

group of depressed subjects that received sham neurofeedback. Future versions of this task

can extract the most robust measures to develop focused training and test on future cohorts.

3.1.2 Hypotheses

As mentioned above, we included multiple tasks to understand how best to capture atten-

tional differences between depressed and healthy participants. For this reason, we divided our

expectations into primary and secondary hypotheses. Wemade this distinction based on how

well we expected each task to capture biases in sustained attention. By including tasks both

related and unrelated to neurofeedback training, we could test near and far transfer learning.

First, we present Table 3.1 as an overview of the study’s full design. While we will include

further details in the sections to follow, we provide the table as a reference when introducing
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Visit
1

Pre NF
2

NF 1
3

Mid NF
4

NF 3
5

Post NF
6

1M FU
7

3M FU

Task
1 SCID-5

Resting-
state Gaze

Go/no-go
(8 runs) MADRS MADRS MADRS

Task
2 MADRS

Face-
matching Go/no-go

Face-
matching Gaze Gaze

Task
3 Gaze

Go/no-go
(7 runs)

Go/no-go
(9 runs)

Resting-
state Go/no-go Go/no-go

Task
4 Go/no-go

Table 3.1: Full study design for all 7 visits: pre-neurofeedback, three neurofeedback sessions, post-neurofeedback, a one-
month follow-up, and a three-month follow-up visit. Columns separate the different visits, while rows indicate the order
of tasks performed at each visit. Cell color specifies the type of task: pink = clinical assessments; beige = behavior tasks
completed outside of the scanner; yellow = scanner tasks. NF = neurofeedback; FU = follow-up. Go/no-go in bold is
added to emphasize the rt-fMRI neurofeedback runs.

the tasks related to our hypotheses.

3.1.2.1 Primary hypotheses

We expected depression severity to decrease after neurofeedback training for the depressed

group. Wemeasureddepressed scoreswith theMontgomery-ÅsbergDepressionRating Scale

(MADRS) structured clinical interview (Montgomery & Asberg, 1979; Williams & Kobak,

2008). We measured changes in depression severity by recording MADRS scores during 4

visits (Visit 1 and Visits 5-7; see Table 3.1).

Our next set of primary hypotheses were based on the neurofeedback task. We refer to

this task as the go/no-go - scanner task to distinguish it from the behavioral version. As

mentioned above, subjects were always instructed to attend to the neutral scenes and ignore

the negative faces during neurofeedback. Thus, the relative strengths of the neural repre-
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sentations of faces compared to scenes provided an index of the attended category. Before

training, we hypothesized that depressed subjects would have difficulty disengaging atten-

tion away from negative faces. We operationalized this difficulty with a sustained negative

attentionmeasure that tracked the probability of remaining in the most negative attentional

state (see Methods, Section 3.2.7.2 for further details).

Additionally, we hypothesized that neurofeedback training would reduce the negative at-

tention bias for depressed subjects, which would make it easier for depressed subjects to ‘un-

stick’ themselves fromnegative states. Thus, we expected groupdifferences in sustained nega-

tive attention to decrease over time. Additionally, if neurofeedback played a role in symptom

improvement, we expected a positive relationship between the reduction of sustained nega-

tive attention and the reduction of depression severity.

The other primary task, which we will refer to as the gaze task, was also designed to mea-

sure biases in sustained attention, this timewith eye-tracking instead of neural data. We chose

an eye-tracking task because of its continuous measurement of attention through eye move-

ments. Based offKellough et al. (2008), each trial displayed four images representing different

emotions (dysphoric, threatening, happy, and neutral) on the screen at once for 30 seconds.

Recording eye movements throughout these long trials allowed us to assess which stages of

attention (e.g., orientation, maintenance) differed the most between groups before training,

and if those group differences changed over time.

Before neurofeedback, we expected depressed subjects to show difficulty disengaging at-

tention away from the dysphoric images (Sanchez et al., 2013; Mennen et al., 2019). This

would manifest as prolonged attention to the dysphoric images, as was the case in Kellough

et al. (2008) and Armstrong &Olatunji (2012). Given initial group differences, we expected
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the negative bias to decrease over time, demonstrating that the benefits of rt-fMRI neuro-

feedback transferred to this task.

We also hypothesized that before neurofeedback, depressed subjects might orient to pos-

itive images less often than control subjects, as in Armstrong & Olatunji (2012). Given an

initial difference, we expected the group difference to decrease after training, thoughwewere

less certain because (1) orientation was a separate stage in attention compared to disengage-

ment, and (2) our neurofeedback task trained attention away from negative images instead

of towards positive ones.

3.1.2.2 Secondary hypotheses

Here, we describe additional tasks that we included to measure group differences over time.

While these tasks were not designed to capture biases in sustained attention, we based them

off successful applications in previous literature.

Similar to our neurofeedback task, subjects performed the go/no-go - behavior task to

measure attentional biases through behavioral key presses. Again, the task consisted of over-

laid face and scene images, though this time with equal opacity. Still, subjects always were

instructed to attend one category (e.g., neutral faces) and ignore the opposite category (e.g.,

neutral scenes). For this behavioral version, we also included a condition where subjects at-

tended to happy faces and ignored neutral scenes.

To quantify sustained attention through behavior, we used the same attentionmetric (A′)

as in deBettencourt et al. (2015), as it was shown to improve after neurofeedback. In our

study, however, instead of looking at overall A′ improvements, we calculated A′ differences

between different emotional conditions (e.g., ignoring neutral faces versus ignoring negative
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faces). Before neurofeedback, we expected that depressed subjects would have a more diffi-

cult time, and thus worse A′ performance, when ignoring negative faces compared to neutral

faces. However, because differences in A′ performance across conditions was one step re-

moved from the original finding of improved neutral A′ in deBettencourt et al. (2015), we

explored this possibility as secondary hypothesis.

We also hypothesized, thoughwith less certainty, that depressed subjectsmight showmore

difficulty (or lowerA′ scores)when attending tohappy faces compared to attending toneutral

faces. While there is some evidence to suggest that depressed subjects show deficits attending

to positive stimuli, attention to positive versus negative stimuli is usually compared directly

(Kellough et al., 2008; Armstrong & Olatunji, 2012; Gotlib & Joormann, 2010). For this

reason, it is unclear if the difference in attention is due to a lack of attention to positive stimuli

or a bias for negative stimuli.

To include an additional metric of neural responses to emotional faces, we used the face-

matching task. This task was adapted from Chai et al. (2015) to measure neural responses

to negative, neutral, and happy faces in a block design. Originally, Chai et al. (2015) analyzed

group differences in average amygdala responses to negative relative to neutral blocks. Be-

fore neurofeedback, we expected depressed subjects to show higher limbic system reactivity

during negative face blocks (Chai et al., 2015; Chechko et al., 2013; Fales et al., 2008).

However, because we were interested in sustained attention, we were unsure if averaged

block activity could capture negative biases related to disengagement. We looked to Sheline

et al. (2009) for an additional analysis approach, which found that depressed subjects showed

increased amygdala responses to negative images only towards the end of the trial. This mo-

tivated us to consider the time course of amygdala activity, as an increased response towards
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the end of the block may indicate a failure to inhibit processing of negative stimuli. Given

initial group differences in the amygdala response either averaged over the whole block or at

the end of block only, we expected the group differences to decrease after neurofeedback.

Lastly, we included resting-state scans before and after neurofeedback. We expected de-

pressed subjects to show different functional connectivity patterns from those of control

subjects based on previous literature. Specifically, before neurofeedback, we expected the

following group differences:

1. connectivity within the default mode network (DMN): depressed > healthy (Yu et al.,

2019; Sheline et al., 2010; Greicius et al., 2007)

2. connectivity within fronto-parietal network (FPN): depressed < healthy (Yu et al.,

2019; Lui et al., 2011; Hamilton et al., 2011)

3. connectivity between DMN and FPN: depressed > healthy (Yu et al., 2019)

4. frontal-amygdala connectivity: depressed < healthy (Shou et al., 2017; Satterthwaite

et al., 2016)

For themeasures that showed initial groupdifferences, we expected those groupdifferences

to decrease over time.

3.2 Methods

3.2.1 Participants

Twenty-seven adults (14 female, mean age = 26.4 years) participated in the study. Twelve

of the subjects were part of a healthy control (HC) group (6 female, mean age = 23.2 years;
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6 male, mean age = 27.7 years) and 15 were part of the major depressive disorder (MDD)

group (8 female, mean age = 26.3 years; 7 male, mean age = 28.4 years). Both groups com-

pleted the same tasks in the same order; the only difference between groups was the initial

diagnosis requirements. Subjects were recruited from the University of Pennsylvania Center

for Neuromodulation in Depression and Stress (CNDS) laboratory. The CNDS laboratory

recruits individuals from theMood and Anxiety Disorders program, student health, general

adult psychiatry programs, and the general community. All subjects receivedmonetary com-

pensation for their participation. This study was approved by theUniversity of Pennsylvania

Institutional Review Board, as well as the Princeton University Institutional Review Board

through an IRB Authorization Agreement.

Tomeet general eligibility requirements, all participants had to (1) be 18 - 60 years old, (2)

be willing to not take psychotropicmedications for the duration of the study, (3) be fluent in

English, (4) be able and willing to provide written consent, and (5) be right-handed. Partici-

pants in the MDD group had to score at least a 16 on theMADRS clinical interview during

Visit 1 to participate. Participants in the HC group had to meet the additional requirements

of (1) having no history of MDD in their lifetimes, and (2) having no indication of current,

significant depressive symptoms. The latter meant that participants could not score above an

8 on the MADRS interview during Visit 1.

Subjects were excluded from both groups if they (1) had amedical disorder thatmay cause

depression or require medication that could cause depression symptoms, (2) were unwilling

to provide informed consent, (3) had the diagnosis of concurrent DSM-5 psychiatric disor-

ders (e.g., bipolar disorder, primary anxiety disorder, etc.), (4) had not completed the 10th

grade in school, (5) showed an active suicide risk, or (6) had MRI contraindications (e.g.,

37



foreign metallic implants).

3.2.2 Stimuli

In the following section, we describe the stimuli used for each task in the order of presenta-

tion.

Gaze-task

This task was based off Kellough et al. (2008), which measured sustained attention during

one session. Thus, we had to adapt Kellough et al. (2008) to track changes over time in a

multi-session design. For this reason, we created 4 different versions of the task to be com-

pleted on Visits 1, 3, 5, and 6 (Table 3.1). We supplemented images from the original study

with stimuli from the International Affective Picture System (IAPS; LANG&PJ, 2005) and

theNencki Affective Picture System (NAPS;Marchewka et al., 2014). We included all IAPS

images used in the original version (Kellough et al., 2008).

To normalize all images across databases, the images were cropped to be square. Next,

images were sorted into four different versions while balancing for image entropy. We then

made sure that all versions of the task did not differ significantly in entropy, contrast, or lu-

minance. All subjects completed each version, but the version orderwas randomized for each

participant.

Go/no-go task

Face and scene images for this task were adapted from deBettencourt et al. (2015). All scenes,

comprising indoor and outdoor grayscale images, were taken directly from deBettencourt
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et al. (2015). Because our task included additional positive and negative face conditions, we

created our own set of faces. To collect adequate faces showing all emotions, we used the

following databases: the Chicago FaceDatabase (CFD;Ma et al., 2015), KarolinskaDirected

Emotional Faces (KDEF; Lundqvist et al., 1998), and NimStim (Tottenham et al., 2009).

These 3 databases allowedus to assemble a collection ofmale and female actorswith happy,

neutral, andnegative (fearful or sad) images. Next, we normalized the imageswith the follow-

ing steps: (1) cropping by the eyebrows and chin to ensure subjects would attend to emotion

over hair alone while makingmale/female judgements, (2) grayscaling, (3) resizing, (4) inten-

sity adjusting, (5) contrast normalizing, (6) luminance normalizing. For both the behavioral

and scanner versions of this task, image sizes were adjusted such that the square image sub-

tended a 10◦ visual angle as in deBettencourt et al. (2015). For more detailed information re-

garding how images were combined as composite face/scene stimuli, see deBettencourt et al.

(2015).

Face-matching task

We included the same face and object images as in Chai et al. (2015). Face stimuli were

adapted from the Radboud (Langner et al., 2010) and NimStim (Tottenham et al., 2009)

stimulus sets. There were 2 versions of this task; one version drew images from the Radboud

set and the other used images from the NimStim set. As subjects completed this task twice

(Visits 2 and 4; Table 3.1), the order in which each subject completed the tasks was random-

ized by subject.
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3.2.3 Procedure

Visits

The study consisted of 7 visits total, as illustrated in Table 3.1. The first 5 visits were part

of the main study (pre-scanning, 3 neurofeedback sessions, post-scanning). Visit 6 was a

behavior-only 1-month follow-up. Visit 7 was a 3-month follow-up phone call. For all sub-

jects, we tried to schedule the first 5 visits within 2 weeks as closely as possible.

Clinical assessments

Upon providing consent onVisit 1, subjects completed the StructuredClinical Interview for

DSM-5Disorders (SCID-5; First et al., 2015) to assess lifelong symptoms, current depression

symptoms, and the presence of additional exclusionary conditions. Subjects completed the

SCID-5 on Visit 1 only. Upon completion, subjects underwent the Montgomery-Åsberg

Depression Rating Scale (MADRS) structured clinical interview (Montgomery & Asberg,

1979; Williams & Kobak, 2008) to assess depression symptoms specifically over the week

preceding Visit 1. Of note, the MADRS was also administered on Visits 5, 6, and 7 to assess

depression severity within the previous week (see Table 3.1). This interview served as our

main clinical assessment of how depression severity changed over time.

Behavior tasks

Behavior-only taskswere conducted in theCNDSLaboratory, Perelman School ofMedicine,

University of Pennsylvania. Stimuli were presented on 60 x 34 cm monitor (1280 x 1024

resolution) with the Psychophysics Toolbox for Matlab (http://psychtoolbox.org/).
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Gaze task

A Tobii X120 eye-tracker (Tobii Technology, Stockholm, Sweden) was used to record eye

movements (sampling rate = 120 Hz). Subjects’ chins were fixed to a free-standing chin rest

during the task to ensure that they had limited head motion and maintained a constant dis-

tance from the monitor. After eye-tracking calibration, subjects were instructed to freely

view the different images presented on the screen as if they were watching television or look-

ing at pictures in a photo album (as in Kellough et al., 2008). We told subjects that we were

tracking their eyes to make sure they were attending to the images on the screen.

As inKellough et al. (2008), the task consisted of 20 trials, with each trial lasting 30 s. Each

trialwas either a neutral filler or a valence trial. Duringneutral filler trials, the 4 imageswere all

neutral. During valence trials, there was a neutral, dysphoric, threatening, and happy image

shown on the screen. The full task consisted of 8 neutral filler trials and 12 valence trials that

were presented in a random order for each subject. As mentioned above, subjects completed

4 different versions of this task. See Figure 3.1 for trial structure and example stimuli.

Figure 3.1: Trial structure for the gaze task. Subjects were instructed to freely view the images as if they were watching
television. During each trial, 4 images were shown on the screen at once. Eye movements during the full 30-s trial were
recorded to esঞmate sustained a�enঞon over ঞme. Note: both of the example trials shown are valence trials, as there is a
dysphoric, threatening, happy, and neutral image on the screen. Neutral filler trials were the same, except that all 4 images
were neutral. The task consisted of 20 trials total: 12 valence trials and 8 neutral filler trials.

Note: Various obstacles (eye makeup, pupil size, glasses, etc.) impeded continuous eye
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position estimates for some subjects. We adapted to the difference in measurements by nor-

malizing our estimates by the number of gaze fixations that were recorded, as described sub-

sequently (see Methods, Section 3.2.7.3).

Go/no-go task - behavior

Subjects completed 4 runs of this version of the go/no-go task. Each run contained 8 50-s

blocks, where subjects were instructed to attend to a particular category (faces or scenes). As

shown in Figure 3.2, therewere 4 stimulus conditions in total. Thus, each of the 4 conditions

was shown twice during each 8-block run. The condition order was randomized for each

subject within each run, as shown in the top of Figure 3.5.

Figure 3.2: All sঞmulus condiঞons for the go/no-go task. In all condiঞons, subjects viewed a face and a scenemixture, while
having to a�end to one category and ignore the opposite category. The columns specify which category was a�ended
(face or scene), and the rows specify if the faces were neutral or emoঞonal. Altogether, the 4 condiঞons were: (1) a�end
neural faces; ignore neutral scenes, (2) a�end neutral scenes; ignore neutral faces, (3) a�end happy faces, ignore neutral
scenes, (4) a�end neutral scenes; ignore negaঞve faces.

At the start of each block, subjects were given a cue that indicated the block type and go
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stimulus. For instance, during a face block, the attended category was faces, and the specific

go stimulus was either male or female faces. During a scene block, the go stimulus was either

indoor or outdoor scenes. For instance, if the cue said indoor scenes, then subjects had to

press their right index finger every time they saw the go indoor scenes (90% of trials), and had

to refrain from pressing when they saw the no-go outdoor scenes (10% of trials). Addition-

ally, whilemaking indoor/outdoor judgements, subjects had to ignore the irrelevant category

(e.g., faces). For each subject, the go scene category and go face category were the same across

all visits. Assignment of categories was counterbalanced across subjects within each group.

Figure 3.3 displays the specific trial structure. See deBettencourt et al. (2015) for additional

task details.

Figure 3.3: Example trial structure of the go/no-go task, for both the behavioral and scanner version. The go sঞmulus
(indoor) and block category (scenes) were cued for 1 s. A[er that, each sঞmulus (a face and scene composite image) was
displayed for 1 s. Subjects pressed their right index finger each ঞme they saw the go sঞmulus (indoor scenes), and needed
to refrain from pressing when they saw the no-go sঞmulus (outdoor scenes). Thus, this task required sustained a�enঞon
throughout the block to properly inhibit the prepotent response during catch trials and conঞnually a�end to the correct
image category.

Scanner tasks

Resting state

PsychoPy2 (Peirce et al., 2019) was used for this task. Subjects viewed a white cross-hair on a

gray screen for 6 minutes. Before scanning, subjects were instructed to keep their eyes open
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and to stay awake during the scan. Subjects completed this task during Visits 2 and 4 (Table

3.1).

Face-matching task

PsychoPy2 (Peirce et al., 2019) was used for this task. Subjects completed 2 5-minute runs of

this task during Visits 2 and 4 (Table 3.1). The task involved matching images in 18-s blocks.

There were 5 block types of different stimulus categories: happy faces, fearful faces, neutral

faces, objects, and fixation. Each block type repeated 3 times within a run. Subjects were

instructed to choose the bottom image that matched the top image by pressing their index

fingers to indicate a left match or their middle fingers to indicate a right match (Chai et al.,

2015). Figure 3.4 shows the trial structure in each block.

Figure 3.4: Trial structure for the face-matching task. Subjects pressed their index or middle fingers to match the top
image to the le[ or right bo�om image, respecঞvely. There were 6 3-s trials within each block. All block types (happy
faces, fearful faces, neutral faces, objects, and fixaঞon) repeated 3 ঞmes within a run. Shown above is an example of a
fearful face block.

Go/no-go task - scanner

Subjects completed a modified go/no-go task in the scanner that served as the neurofeedback

task. Subjects completed 7, 9, or 8 runs on Visits 2, 3, and 4, respectively (Table 3.1). We

chose the number of runs on each visit to maximize training time within a 2-hour scanning

session. As in the behavioral version, each run contained 8 blocks. This time, however, the
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first 4 blocks of every run contained neutral stimuli with constant opacity because they served

as training data for the face versus scene classifier.

The second 4 blocks in every run (except run 1) were the rt-fMRI neurofeedback blocks.

These blocks were all the same block type: the attended category was always neutral scenes

and the distractor category was always negative faces. The difference in run conditions be-

tween the behavioral and scanner versions is shown in Figure 3.5. Importantly, subjects were

instructed at the beginning of neurofeedback that the change in opacity was determined by

their neural representations of faces versus scenes, instead of their pressing accuracy. By in-

forming subjects that the feedback was based on their brains only, we hoped that subjects

could learn from neurofeedback without being discouraged by poor performance.

Figure 3.5: Behavioral and scanner runs of the go/no-go task. Top: During the behavioral version, all condiঞons were
randomized and repeated twice within each run. Bo�om: During neurofeedback (NF) runs in the scanner, the first 4
blocks served as model training, and included neutral images only (the order alternated between 1221, as shown, or
2112). Neurofeedback was delivered in the last 4 blocks of every run, when negaঞve faces were always the distractors.
See Figure 3.2 for example sঞmuli in each condiঞon.

3.2.4 Data acquisition

All scanning was acquired with a 3T MRI scanner (Siemens Prisma), using a 64-channel

head coil. Sequences werematched to deBettencourt et al. (2015) as much as possible. Thus,

we collected a scout anatomical scan for anterior commissure-posterior commissure (ACPC)
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automatic alignment fromSiemens software. During the first scanning session, we collected a

high-resolutionmagnetization-prepared rapid acquisitiongradient-echo (MPRAGE) anatom-

ical scan to construct the whole-brain mask used in real-time and for offline registration. To

record asmuchof the brain as possible, the functional scans used a gradient-echo, echo-planar

imaging sequence (2 s repetition time (TR), 28 ms echo time, 3 mm isotropic voxel size, 64

x 64 matrix, 192 mm field of view, 36 slices). At the end of each scanning session, a fieldmap

scan was acquired for offline processing.

3.2.5 Real-time analyses

3.2.5.1 Preprocessing

After theMPRAGEscan, FSL (http://fsl.fmrib.ox.ac.uk/)wasused to register theMon-

treal Neurological Institute (MNI) MNI152 standard-space T1-weighted average structure

template (Grabner et al., 2006) to each subject’s brain in functional space. We used this reg-

istered whole-brain ROI as themask for each subject. During neurofeedback runs, each new

DICOM was motion corrected to the previous time point following Siemens’ custom mo-

tion correction. After that, the DICOM image was saved onto a local Linux machine in the

scanning room. Then, we masked and flattened the data into a 2D-array. From there, the

data were sent to the cloud server for further processing. See Table 3.2 for the resources used

for each preprocessing step.

3.2.5.2 Cloud processing

Parallel to data collection, cloud processing was developed and implemented so that the anal-

ysis of DICOM images was no longer reliant upon local resources or proprietary software.
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Index Description Performed on
1 Motion correction Siemens’ custommotion correction
2 ROI masking Local Linux machine

→Data sent to cloud→
3 Smoothing Cloud
4 High-pass filtering Cloud
5 Z-scoring Cloud
6 Classification Cloud

←Data returned to local Linux machine←
7 Converting classification to opacity Linux machine
8 Updating display Linux machine

Table 3.2: Real-ঞme processing steps.

We transferred all analysis to Python and executed the code on aMicrosoft Azure virtual en-

vironment that was part of Penn Medicine’s secure network. NOTE: Before cloud process-

ing was completed, all real-time preprocessing and classification were performed identically

to deBettencourt et al. (2019b). This was the case for HC subjects 1-2 and MDD subjects

1-6, who received Matlab-based neurofeedback. All other subjects received feedback from

Python-based cloud processing, unless a specific technological issue (e.g., the internet being

down) obstructed us from using the cloud. In that case, Matlab was used. However, for all

offline analyses, all runs were retrained with Python to ensure that any differences between

Matlab and Python did not affect our results.

Cloud processing involved sending the masked 2D-array of each volume of DICOMdata

to a virtual machine for further processing. Once the data arrived, images were spatially

smoothed with a Gaussian kernel full-width half-maximum (FWHM) of 5 mm. Because

the first 4 blocks were stable training periods, real-time processing only occurred in the last 4

blocks. Thus, during neurofeedback blocks, each 2-D arraywas high-pass filtered in real-time
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(cutoff = 200 s, as in deBettencourt et al., 2019b), and z-scored using the mean and standard

deviation from the previous 4 stable blocks (as in deBettencourt et al., 2015).

Next, the preprocessed data were used to predict the probability of scene versus face atten-

tion at every TRduring neurofeedback. The current neurofeedback run used themodel out-

put that was trained from themost recent 8 stable blocks. For example, neurofeedback run 4

used the trainedmodel that contained data from the 4 stable blocks from runs 2 and 3, (with

the exception of run 2, which used training data from all 8 blocks of run 1). Scikit-learn’s lo-

gistic regression function (Pedregosa et al., 2011) was used for training (with the parameters

selected to best match Matlab processing: solver=‘saga’, penalty=‘l2’, max_iter=300). Dur-

ing neurofeedback, we solved for the scene versus face probability analytically and used the

difference between scene and face probability as the output classification score. This score

was saved as a text file and sent back to the local computer to influence the display on the

following TR. See Figure 3.6 for a graphical delineation of processing steps.

3.2.5.3 Neurofeedback display

The local Matlab script controlling the display loaded a new text file each time a new file was

detected. This score was converted to an opacity value for the neutral scene using the transfer

function shown in Figure 3.7. Then, opacitywas smoothed using amovingwindowwith the

previous 2 TRs to ensure the change in opacity was not abrupt (deBettencourt et al., 2015).

This smoothed opacity value was set as the opacity for the following 3 trials (1.5 TRs) while

the next TR was collected and preprocessed.
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Figure 3.6: Processing configuraঞon for the cloud setup. NewDICOM images were sent to the local Linux machine, where
they were masked and sent to the cloud computer. A[er they were preprocessed and scored with the cloud computer,
the score was returned to the local Linux machine so that the display could be updated accordingly at the next TR.
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Figure 3.7: Transfer funcঞon to convert the neurofeedback output to scene opacity. The x-axis shows the scene− face
classificaঞon score, while the y-axis shows the resulঞng opacity value for the scenes. We adjusted the logisঞc funcঞon
from deBe�encourt et al. (2015) by decreasing the gain to show an even mixture of faces and scenes more o[en. Scene
opacity ranged from 17-90% so that subjects never saw only negaঞve faces and could focus on neutral scenes to pull
themselves out of negaঞve a�enঞonal states.
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3.2.6 Offline processing

After scanning, data were stored following the Brain Imaging Data Structure (BIDS) speci-

fication for further processing (Gorgolewski et al., 2016). Then, fMRIPrep (Esteban et al.,

2019) was used for subsequent offline processing and image registration.

Results included in this section come from preprocessing performed using fMRIPprep

1.0.11 (Esteban et al., 2018b,a, RRID:SCR_016216), which is based on Nipype 1.1.6-dev

(Gorgolewski et al., 2011, 2018, RRID:SCR_002502). The following description of pre-

processing was generated with fMRIPrep.

Anatomical data preprocessing

Each T1w (T1-weighted) volume was corrected for INU (intensity non-uniformity)

using N4BiasFieldCorrection (ANTs 2.1.0, Tustison et al., 2010) and skull-stripped

using antsBrainExtraction.sh (ANTs 2.1.0), using the OASIS template. Brain sur-

faceswere reconstructedusing recon-all fromFreeSurfer 6.0.0 (RRID:SCR_001847,

Dale et al., 1999), and the brain mask estimated previously was refined with a custom

variation of the method to reconcile ANTs-derived and FreeSurfer-derived segmen-

tations of the cortical gray-matter of Mindboggle (RRID:SCR_002438, Klein et al.,

2017). Spatial normalization to the ICBM152Nonlinear Asymmetrical template ver-

sion 2009c (Fonov et al., 2009, RRID:SCR_008796) was performed through nonlin-

ear registrationwith the antsRegistration tool ofANTs2.1.0 (RRID:SCR_004757,

Avants et al., 2008), using brain-extracted versions of both T1w volume and tem-

plate. Brain tissue segmentation of cerebrospinal fluid (CSF), white-matter (WM) and

gray-matter (GM) was performed on the brain-extracted T1w using fast (FSL 5.0.9,
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RRID:SCR_002823, Zhang et al., 2001).

Functional data preprocessing

Functional data were slice time corrected using 3dTshift from AFNI (AFNI 16.2.07

Cox, 1996) and motion corrected using mcflirt (FSL 5.0.9, Jenkinson et al., 2002).

Distortion correctionwasperformedusingfieldmapsprocessedwith fugue (FSL5.0.9,

Jenkinson, 2003). When there was no fieldmap scan due to ending a scan short (for

one subject on one session), we used “fieldmap-less” distortion correction. This was

performed by co-registering the functional image to the same-subject T1w image with

intensity inverted (Wang et al., 2017; Huntenburg, 2014) constrained with an aver-

age fieldmap template (Treiber et al., 2016), implemented with antsRegistration

(ANTs). After distortion correction, this was followed by co-registration to the cor-

responding T1w using boundary-based registration with 9 degrees of freedom, using

bbregister (Freesurfer 6.0.0, Greve & Fischl, 2009). Motion correcting transforma-

tions, field distortion correcting warp, BOLD-to-T1w transformation and T1w-to-

template MNI warp were concatenated and applied in a single step using

antsApplyTransforms (ANTs 2.1.0) using Lanczos interpolation (Lanczos, 1964).

Frame-wise displacement (Power et al., 2014) was calculated for each functional run

using the implementation ofNipype.

Many internal operations of fMRIPrep useNilearn 0.4.2 (Abraham et al., 2014,

RRID:SCR_001362), principally within the BOLD-processing workflow. For more details

of the pipeline, see the section corresponding to workflows in fMRIPrep’s documentation.
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3.2.7 Primary analyses

3.2.7.1 Depression severity

MADRS scores were analyzed for changes over time. Specifically, we looked to see if depres-

sion severity changed between Visits 1 and 5 (pre- versus post-neurofeedback).

3.2.7.2 Go/no-go task - scanner

As mentioned above, all models were retrained after scanning to ensure that no differences

between Matlab versus Python could affect results. We first preprocessed all data with the

same real-time cloud pipeline. Then, we trained and tested the data with the same classifica-

tion steps as those taken in real-time. Category separation was calculated by subtracting the

probability of scene− face evidence at every TR. Because there were only two categories, the

probability of one category was 1− the probability of the other category. Thus, subtracting

just changed the scale of scores from [0,1] to [-1,+1].

To understand how performance during neurofeedback differed by group and by neuro-

feedback session, we isolated the first three neurofeedback runs of the first session (Visit 2;

Early NF) and the last three neurofeedback runs of the last session (Visit 4; Late NF). This

way, we could compute pre- versus post-training differences.

Our first approach simply averaged scene − face classification across each run to under-

stand changes over time. However, averaging over an entire time series did not capture the

full distribution of attentional states. Instead of an average over time, we sought an estimate

that better described the attentional states of subjects.

To quantify attentional states, we had to convert the continuous distribution of scene−
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face classification into discrete bins. Because we used a logistic classifier for neurofeedback,

classification values weremost often near the extremes (±1). To create attentional states with

roughly equal samples, we adjusted the scene− face classification bins. The widest bins were

in the middle to compensate for the smaller number of observations in the middle range,

while the smallest bins were at the ±1 boundaries. Figure 3.8 shows the adjusted bin sizes

and their respective observation frequencies.
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Figure 3.8: Histogram over all neurofeedback scene− face data to display our custom bins sizes. The x-ঞck labels show
the actual bin ranges; bar height shows the proporঞon of frequency within that bin. Bins on the extremes [-1, -0.98] and
[0.98, 1] incurred the largest frequency. To account for the difference in frequency, we made the bins towards the middle
the widest. As a result, the distribuঞon across all bins was roughly equal.

For each state, we quantified the persistence or stickinesswithin that particular attentional

state. We operationalized this measure as the conditional probability that the scene − face

evidence remained in the same bin range at a later time. Wewere interested in neural changes

inducedby a givendisplay, sowe focusedona5-sHRFshift. As eachTRwas2 s,we separately

calculated results using 2 and 3 TR shifts, and averaged the results to estimate a 5-s shift.
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Specifically, for each of the time delays, d (2 or 3 TRs), for a given attentional state bin,A,

we calculated the persistence of that state by counting the number of times that the scene−

face classification fell withinA at time t+ d, given it was inA at time t. We then divided this

number by the total number of times the time series was in state A, shown in the equation

below:

p(At+d|A) =
∑

(state(t+ d) = A)∑
(state(t) = A)

(3.1)

We then averaged all conditional probabilities from the 2 and 3 TR shifts.

3.2.7.3 Gaze task

We recorded the (X,Y)positions fromeach eyeduring the 30-s trials. FollowingKellough et al.

(2008), we preprocessed the eye tracking data by defining eye positions in terms of fixations.

In this way, we filtered the data such that fixations had to (1) be maintained for at least 100

ms and (2) remain within 1◦ of visual angle for this duration. After filtering all samples into

a time series of fixations that met this criteria, each fixation was classified according to the

attended emotional image. Because there was an unequal number of fixations for a given

subject on a given trial, we normalized each of the metrics described next by the number of

data points collected.

Initial orientation

Toassess initial orientationdifferencesby image category andgroup, for each trial, we recorded

the image category upon which the subject first fixated. We calculated the probability of ini-

tial fixation for each day by taking the total number of times that the subject first fixated on
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that image category divided by the total number of times that the subject fixated on any of

the images. In this way, we did not count the trials in which no viable data were collected.

Total viewing ratio

To calculate the total viewing ratio of dysphoric images, for each trial, we totaled the number

of fixations on dysphoric images divided by the total number of fixations recorded for that

trial. We then averaged across all trials for each day.

Maintenance viewing ratio

Tounderstand if participants had difficulty disengaging attention away fromdysphoric stim-

uli, for each trial, we counted the number of fixations on the dysphoric image, given the sub-

ject was already fixated on the image. If the subject fixated on the dysphoric image, viewed

other images, and then returned to the dysphoric image, we only considered the first con-

tinuous fixation in our analysis. We then divided this number of samples by the number of

fixations recorded for that trial. Again, this normalization step corrected for the lack of data

in some trials for some subjects. Finally, we averaged the maintenance ratios across all trials

to get one ratio per day per subject.

3.2.8 Secondary analyses

3.2.8.1 Go/no-go task - behavior

To measure sustained attention with behavior, we estimated performance according to the

nonparametricA′ (deBettencourt et al., 2015). Thismetricmeasured sensitivity to the go ver-

sus no-go categories through the hit and false alarm rates. To estimate differences specifically
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in ignoring negative faces compared to neutral faces, we calculated the negative bias as

biasnegative = A′
neutral − A′

negative (3.2)

Thus, negative biases greater than 0 indicateworseperformancewhen ignoring negative faces,

compared to neutral faces. This would suggest problems with disengaging attention away

from negative stimuli.

Likewise, we calculated the difference in attention to positive versus neutral faces as

biasanti−positive = A′
neutral − A′

happy (3.3)

Thus, anti-positive biases greater than 0 indicateworseperformancewhen attending to happy

faces, compared to neutral faces, which would suggest difficulty in focusing attention on

happy stimuli.

3.2.8.2 Face-matching task

After data were preprocessed and transformed intoMNI space with fMRIprep, we extracted

confounds for removal. For each run of the task, we extracted the 6motion parameters along

with frame-wise displacement. Processing included (1) removing the first 5 TRs of each run,

(2) spatial smoothing with 6 FWHMusing nilearn (Abraham et al., 2014), and (3) z-scoring

each voxel over time. The two runs completed on each day were combined for further pro-

cessing with 3dTproject in AFNI (Cox & Hyde, 1997) which involved: high-pass filtering

(cutoff= 100 s) and regressing outmotion confounds. Although calculating beta coefficients

for block types as in Chai et al. (2015) would be an appropriate way to analyze the data, we
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did not calculate beta coefficients so that we could extract responses over time. We sought to

replicate the findings in Sheline et al. (2009), specifically that amygdala activity continued to

rise for MDD subjects towards the end of viewing sad faces.

Because we were interested in limbic response to negative faces, we focused on the left

amygdala (LA). To derive the LA ROI, we repeated the following steps for each subject: (1)

we registered all aparc+aseg labels to functional T1w space using Freesurfer’s mri_convert

and mri_label2vol functions (Dale et al., 1999), (2) we extracted the LA from the individual

Freesurfer labels in native space, (3) as a final step, we converted the amygdala mask to MNI

space using the ANTs-derived registration matrix from fMRIPrep (Avants et al., 2008). Fi-

nally, we created an aggregate LA mask by intersecting all of the amygdala masks from each

subject.

To compare amygdala activity across groups, we averaged the time series from each block

within the LA ROI. We then subtracted the resulting time series between the negative and

neutral blocks. To consider the entire hemodynamic response, we included 5 TRs before the

block start and 5 TRs after the block start.

3.2.8.3 Resting state

After data were preprocessed and registered toMNI space with fMRIPrep, we followed stan-

dardpractices to further remove confounds (Yuet al., 2019; Satterthwaite et al., 2016). Namely,

we extracted the following confounds that were calculated by fMRIPrep: the six motion pa-

rameters and global signals (CSF, WM, and GM). For each of these 9 confounds, we cal-

culated the temporal derivative, quadratic signal, and the derivative of the quadratic signal,

resulting in 36 total regressors. After extracting the preprocessed fMRIPrep runs in MNI
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space, we first removed the first 4 TRs. Next, we removed confounds using 3dTproject in

AFNI with the following settings: polort = 2 to detrend the signal, passband filter between

0.01 - 0.08 Hz, and spatial smoothing with a 6 mm FWHMGaussian filter. The final resid-

ual output from this preprocessing step was then loaded into Python for further analysis.

NOTE: The first 2 healthy control subjects and the first 5 depressed subjects did not receive

resting state scans. Thus, this analysis contains 7 fewer subjects total than the other analyses.

Node analysis

Tounderstand if task-positive or task-negativenodesweremoreor less functionally-connected

as in Yu et al. (2019), we extracted nodes from the Power atlas (Power et al., 2011), resampled

to functional space (see the methods in Yu et al., 2019 regarding which systems were kept).

As our sample size was limited, we focused our analyses on two main networks: one task-

negative (DMN), and the other task-positive (FPN).

For each subject and each day, we loaded the residual data from AFNI and used nilearn’s

NiftiLabelsMasker to z-score and average voxel activity that belonged to the same nodes as

marked in the Power atlas. Thus, each of the 227 nodes of interest had one time series associ-

ated with them for each run. We then correlated each node’s time series with all other nodes.

Following previous work (Yu et al., 2019; Uys et al., 2006), the within network connectivity,

Wa for a given network ( a∈ {1,2,...11}) was calculated as:

Wa =

∑
i,j∈a Aij

N2
a

(3.4)

where i and j are the indices for all the nodes in the network a, Na is the number of nodes

in network a, and Aij is the connectivity matrix.
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To calculate pairwise connectivity between two networks, we used the same calculation as

in Yu et al. (2019) to calculate pairwise connectivity PBa−b between networks a and b (a ̸=

b) as:

PBa−b =

∑
i∈a,j∈b Aij

NaNb
(3.5)

which summed all connections between nodes of each networks and normalized by the num-

ber of nodes in each network. Thus, each subject had one average connectivity score at each

day that were later entered into statistical analysis.

ROI analysis

For this analysis, we again extracted the residual time series after runningAFNI’s 3dTproject.

Similar to the node analysis, we wanted to test if connectivity between limbic and frontal re-

gions specifically were different before neurofeedback across groups. However, due to our

limited sample size, insteadof performing searchlight analyses as in Satterthwaite et al. (2016),

we chose a priori ROIs to then average within region and calculate connectivity between re-

gions. We focused on the LA to represent the limbic system, using the sameROI as described

above.

For the LA ROI, we similarly extracted the average resting state time series and correlated

activity with all the time series nodes within the FPN network (Power et al., 2011). Similar

to the node analysis, we calculated the LA→ FPN connectivity as:

PBLA−FPN =

∑
j∈FPN Aj

NFPN
(3.6)
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3.3 Results

3.3.1 Primary analyses

3.3.1.1 Depression severity

As expected, depression severity decreased over time for depressed subjects (Figure 3.9). De-

pression scores decreased significantly from Visit 1 to Visit 5 (one-tailed t(14) = 3.61, p =

0.0014), fromVisit 1 to Visit 6 (one-tailed t(13) = 2.85, p = 0.0069), and fromVisit 1 to Visit

7 (one-tailed t(11) = 3.13, p = 0.0048).
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Figure 3.9: Depression severity decreased over ঞme, as measured by the MADRS clinical interview. Red = MDD group;
black = HC group. Thin lines represent individual subjects; thick lines represent group averages. Error bars represent±1
s.e.m. ** = p< 0.01
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3.3.1.2 Go/no-go task - scanner

Neurofeedback performance changes over time

First, we examined the average of scene− face classification across entire runs. We did not ob-

serve classification differences betweendepressed and control subjects, either at the beginning

of neurofeedback (t(25) = 0.32, p = 0.76) or at the end of neurofeedback (t(25) = 0.34, p =

0.74). On average, both groups showed a decrease in average scene− face classification from

early to late neurofeedback (combined paired t(26) = 2.61, p = 0.015). Figure 3.10 displays

these results.
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Figure 3.10: Changes in average classificaঞon scores. Red = MDD group; black = HC group. Circles represent individual
subjects; bars represent group averages. Error bars represent±1 s.e.m. There were no group differences during early or
late neurofeedback.

However, when considering scene − face classification in terms of discrete attentional

states, we did observe group differences during early neurofeedback. Figure 3.11a shows the

conditional probabilities that represent the persistence in each state during early neurofeed-

back (left) and late neurofeedback (right). Initially, the largest difference between groups
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was that depressed subjects weremore likely than healthy controls to remain in themost neg-

ative state (one-tailed t(25) = 2.80, p = 0.0049). Wewill refer the probability of staying in the

most negative bin as sustained negative attention.

Changes in sustained negative attention from early to late training are shown in Figure

3.11b. At the end of neurofeedback training, MDD subjects showed marginally less sus-

tained negative attention than at the start of neurofeedback training (paired one-tailed t(14)

= 1.67, p = 0.059). Additionally, there was a significant interaction between group and visit

(β = -0.11, t = -2.042, p = 0.045), such that the MDD group decreased in sustained negative

attention from early to late training, while the HC increased their sustained negative atten-

tion.

At the end of neurofeedback training, the largest difference between groups was now in

the exact opposite scene− face evidence bin, where attention was maximally maintained on

neutral scenes. We will refer to this conditional probability of staying in this most correct

bin as sustained correct attention. Although this state was where the groups differed the most

at the end of training, the group difference was not significant (one-tailed t(25) = -1.17, p =

0.13).

Changes in sustained correct attention from early to late training are shown in Figure

3.11c. The increased group difference from early to late neurofeedback was caused by the

control group specifically. The control group marginally improved their sustained correct

attention (paired one-tailed t(11) = -1.45, p = 0.089), while the depressed subjects did not

improve as much (paired one-tailed t(14) = -0.24, p = 0.41). We did not find a significant

interaction between group and visit (β = -0.025, t = -0.55, p = 0.58).
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Figure 3.11: (a) Sustained a�enঞon in all states during early and late neurofeedback. (b) Changes for sustained negaঞve
a�enঞon only (most negaঞve bin). MDD subjects showed significantly more sustained negaঞve a�enঞon during early, but
not late, neurofeedback. Addiঞonally, therewas a significant interacঞon between group and visit. (c)Changes for sustained
correct a�enঞon (most posiঞve bin). HC subjects showed a trending improvement in sustained correct a�enঞon from early
to late neurofeedback. Red = MDD group; black = HC group. Circles represent individual subjects; bars represent group
averages. Error bars represent±1 s.e.m. ** = p < 0.01; * = p < 0.05; + = p < 0.1
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Relationship toMADRS

As shown in Figure 3.12, the reduction in sustained negative attention was related to the

reduction in depression severity. There was a significant positive correlation for all subjects

(Pearson r = 0.50, p = 0.0094) and a trending positive correlation when considering MDD

subjects only (Pearson r = 0.48, p = 0.083).
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Figure 3.12: Reducঞon in MADRS symptom severity plo�ed as a funcঞon of reducঞon in sustained negaঞve a�enঞon.
Red = MDD group; black = HC group. Circles represent individual subjects. There was a trending posiঞve relaঞonship
between the reducঞon of sustained negaঞve a�enঞon and the reducঞon of depression severity when only considering
MDD subjects; the black line shows the line of best fit for MDD subjects only.
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Figure 3.13: Iniঞal orientaঞon to (a) dysphoric and (b) posiঞve images. No significant differences were found between
groups at the onset of training, or on subsequent visits. Red = MDD group; black = HC group. Circles represent individual
subjects; bars represent group averages. Error bars represent±1 s.e.m.

3.3.1.3 Gaze task

Initial orientation

As stated above, we thought groups may differ in initial orientation; for example, depressed

subjects orienting to the happy images less often. However, we were not confident about

group differences, as the first fixation was a separate attentional process from sustained at-

tention.

We did not find initial group differences in orientations. On Visit 1 (Pre NF), depressed

subjects did not orient to dysphoric images significantly more often (one-tailed t(25) = 0.26,

p = 0.40; Figure 3.13a), nor did depressed subjects orient to positive images significantly less

often (one-tailed t(25) = -0.37, p = 0.36; Figure 3.13b). There were no significant differences

between groups on subsequent visits either.
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Total viewing ratio

As the total time spent viewing an image is more reflective of sustained attention than initial

orientation, we hadmore confidence that depressed subjects would spendmore time viewing

dysphoric images. On Visit 1, depressed subjects spent more total time viewing dysphoric

images compared to control subjects on average, though this wasn’t significant (one-tailed

t(25) = 1.28, p = 0.11). Additionally, depressed subjects showed a trending decrease in the

total amount of time they spent viewing dysphoric images from pre- to post-neurofeedback

(paired one-tailed t(14) = 1.44, p = 0.086). Looking at Visits 1 and 5 only, we did not find a

significant interaction between group and visit (β = -0.021, t = -1.11, p = 0.28). Figure 3.14a

plots group performance for all visits.

Because depressed subjects decreased the time spent viewing dysphoric images, we exam-

ined the relationship between the decrease in total time spent viewing dysphoric images and

the decrease inMADRS scores. There was a slight positive relationship including all subjects

(Pearson r = 0.29, p = 0.14) and onlyMDD subjects (Pearson r = 0.30, p = 0.28), but neither

correlation was significant.

Maintenance viewing ratio

We next examined the fraction of time that gaze was maintained on the dysphoric image in

a continuous fixation. This estimate more closely captures the tendency to persist in a neg-

ative state. On Visit 1, depressed subjects maintained fixation for a longer amount of time

compared to control subjects on average, though this was trending (one-tailed t(25) = 1.69, p

= 0.051). From pre- to post-neurofeedback, depressed subjects significantly decreased their

maintenance time on dysphoric images (paired one-tailed t(14) = 1.85, p = 0.043). Looking
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Figure 3.14: (a) Total viewing raঞo for dysphoric images (b) Maintenance raঞo on dysphoric images. MDD subjects im-
proved in both metrics from pre- to post-neurofeedback, but iniঞal group differences andMDD improvements were larger
for maintenance on dysphoric images. Note: One outlier in the HC group only had one fixaঞon during V5 and thus the
maintenance raঞo of 1 is not shown within the axis limits in (b). Red = MDD group; black = HC group. Circles represent
individual subjects; bars represent group averages. Error bars represent±1 s.e.m. * = p < 0.05; + = p < 0.1

at Visits 1 and 5 only, we did not find a significant interaction between group and visit (β =

-0.035, t = -1.29, p = 0.20). Figure 3.14b shows group performance over all visits.

As the depressed subjects reducedmaintenance on dysphoric images and depression sever-

ity after neurofeedback, we then examined the relationship between these improvements.

There was a slight positive relationship including all subjects (Pearson r = 0.11, p = 0.58), but

no relationship upon considering depressed subjects only (Pearson r = -0.033, p = 0.91).

3.3.2 Secondary analyses

3.3.2.1 Go/no-go task - behavior

Given that depressed subjects showed difficulty in ignoring negative faces during neurofeed-

back, we looked to see if there were any biases present in behavior. Our behavioral metric

was the nonparametric measure A′. As explained above, if depressed subjects showed an A′

negative bias, wewould see worse A′ scores when they were ignoring negative faces compared

67



V1
Pre NF

V3
Mid NF

V5
Post NF

V6
1M FU

0.4

0.2

0.0

0.2

0.4

A'
 n

eg
at

iv
e 

bi
as

harder to ignore
negative faces

harder to ignore
neutral faces

Negative bias

(a)

V1
Pre NF

V3
Mid NF

V5
Post NF

V6
1M FU

0.4

0.2

0.0

0.2

0.4

A'
 a

nt
i-p

os
iti

ve
 b

ia
s

harder to attend
to positive faces

harder to attend
to neutral faces

Anti-positive bias

(b)

Figure 3.15: A′ biases for (a) negaঞve and (b) anঞ-posiঞve images. No significant group differences were shown for either
a�enঞonal bias condiঞon at any visit. Red = MDD group; black = HC group. Circles represent individual subjects; bars
represent group averages. Error bars represent±1 s.e.m.

to when they were ignoring neutral faces. As shown in Figure 3.15a, we found no group dif-

ferences initially (t(25) = 0.78, p = 0.44), nor at any point during the course of training for

the A′ negative bias.

We also checked to see if depressed subjects showed an A′ anti-positive bias, or had a more

difficult time attending to positive faces, as compared to neutral faces. If this had been the

case, we would expect A′ to be larger when subjects were attending neutral faces compared

to positive faces. We did not find any group differences in A′ anti-positive bias during Visit 1

(t(25) = -0.94, p = 0.36), nor at any stage during training (Figure 3.15b).

3.3.2.2 Face-matching task

As described above, we expected depressed subjects to show initial biases when viewing neg-

ative faces. We hypothesized that difficulty disengaging attention from negative faces would

result in larger and more prolonged responses in the LA ROI. If we found this initial dif-

ference in processing negative images, and our neurofeedback manipulation successfully re-
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duced negative attentional bias, we expected the difference between groups to decrease after

neurofeedback.

To estimate if there was increased processing that was specific to negative faces, we sub-

tracted the average LA activity for neutral face blocks from that of the negative face blocks.

First, we looked to see if average activity over the entire block differed by group before neu-

rofeedback. We shifted the average amygdala signal by 2 TRs (4 seconds) to account for the

HRF delay. Then, we averaged activity over the entire block (18 s, or 9 TRs). On average,

depressed subjects did not show larger activity to negative versus neutral faces before neuro-

feedback (one-tailed t(25) = 0.96, p = 0.17).

Next, instead of considering the average activity over an entire block, we evaluated if the

time series showed group differences. Figure 3.16a plots the average time series for each group

for negative− neutral blocks before neurofeedback. As shown, the response to negative faces

in theMDDgroup increases over time. Eventually, the groupdifference grows to a significant

level 1 TR (unshifted) into the next block (one-tailed t(25) = 1.95, p = 0.032).

As shown in Figure 3.16b, after neurofeedback, depressed subjects did not show an in-

creased LA response for negative faces 1 TR into the next block (one-tailed t(25) = 0.35, p

= 0.36). From pre- to post-neurofeedback, depressed subjects showed a trending decrease

in their response at this TR (paired one-tailed t(14) = 1.57, p = 0.069), but control subjects

did not (paired one-tailed t(11) = -0.034, p = 0.49). We did not find a significant interaction

between group and visit for this specific TR response (β = -0.21, t = -1.19, p = 0.24).

Even though depressed subjects decreased their LA response to negative faces from before

to after neurofeedback, we did not find a significant relationship between decreases in LA

activity and reduction in MADRS scores with all subjects (Pearson r = 0.086, p = 0.67), nor
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only depressed subjects (Pearson r = -0.047, p = 0.87).
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Figure 3.16: Le[ amygdala response to negaঞve− neutral face blocks. (a) Pre NF responses (b) Post NF responses. MDD
subjects showed increased LA signal during negaঞve face blocks before neurofeedback, but not a[er. Red = MDD group;
black = HC group. Lines represent group averages. Error bars represent±1 s.e.m. * = p < 0.05

3.3.2.3 Resting state

Based on previous literature, we expected to find initial group differences in task-negative

(DMN) and task-positive (FPN) networks, along with connectivity between the LA and

FPN. Again, our results are limited in sample size, as our first 7 subjects (2 HC and 5MDD)

did not have resting-state scans.

Node analysis

Figure 3.17 shows results for pre- and post-neurofeedback differences in node connectivity.

As expected, we found trending, but not significant, larger DMN connectivity for MDD

compared to HC before neurofeedback (one-tailed t(18) = 1.42, p = 0.086), but not after

neurofeedback (one-tailed t(18) = 0.37, p = 0.36). Depressed subjects specifically showed a

trending decrease in DMN connectivity from pre- to post-neurofeedback (paired one-tailed

t(9) = 1.46, p = 0.089; Figure 3.17a). We did not see a linear relationship between the re-

duction in DMN connectivity and the reduction in MADRS scores for either all subjects
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(Pearson r = -0.26, p = 0.26) or only MDD subjects (Pearson r = -0.45, p = 0.19). Addi-

tionally, these negative linear correlations were the opposite of our predicted direction, as we

expected reduced DMNwithin-network connectivity to be associated with the reduction in

depression severity.

Contrary to our expectation, we found a trend for MDD subjects to have larger FPN

within-network connectivity before neurofeedback (t(18) = 1.68, p = 0.11; Figure 3.17b).

After neurofeedback, depressed subjects still showed slightly larger average FPN connectiv-

ity, though there was a smaller group difference (t(18) = 0.89, p = 0.39). Depressed subjects

did not show a significant decrease in FPN connectivity from pre- to post-neurofeedback

(paired one-tailed t(9) = 1.050, p = 0.16).

Also against our expectation, depressed subjects showed a trend towards more negative

DMN-FPNconnectivity beforeneurofeedback (t(18)= -1.77, p=0.094; Figure 3.17c). After

neurofeedback, the difference between groups was weaker (t(18) = 0.093, p = 0.93). We did

not find a significant interaction between group and visit (β = 0.0002, t = 1.14, p = 0.26).

ROI analysis

Against our expectations, we found (nonsignificantly) less negative FPN-LA connectivity

in depressed, compared to control, subjects before neurofeedback (t(18) = 1.84, p = 0.082).

After neurofeedback, there was aweaker group difference (t(18) = -0.29, p = 0.78). As shown

in Figure 3.18, this change from pre- to post-neurofeedback appears to be driven by changes

within the control group.
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Figure 3.17: Within-network connecঞvity for (a) default mode network (DMN) and (b) fronto-parietal network (FPN). (c)
Between network connecঞvity between DMN and FPN. (a): MDD subjects showed trending larger DMN acঞvity before
neurofeedback, but not a[er. (b): No significant group differences were observed in FPN connecঞvity. (c): MDD subjects
showed trending more negaঞve DMN-FPN connecঞvity before neurofeedback, but not a[er. Red = MDD group; black =
HC group. Circles represent individual subjects; bars represent group averages. Error bars represent±1 s.e.m. + = p < 0.1
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Figure 3.18: Connecঞvity between fronto-parietal network (FPN) and le[ amygdala (LA). Before neurofeedback, MDD
subjects showed slightly less negaঞve FPN-LA connecঞvity, opposite to prior hypotheses and findings. There were smaller
group differences a[er neurofeedback, but this change appears to be driven by the HC group. Red = MDD group; black =
HC group. Circles represent individual subjects; bars represent group averages. Error bars represent±1 s.e.m. + = p < 0.1

3.4 Discussion

Overall, the tasks that were best suited to capture differences in negative disengagement ulti-

mately yielded the most robust initial group differences. Specifically, our sustained negative

attention measure during neurofeedback showed the strongest statistical difference in initial

group performance. Out of the three eye-tracking measures that we computed for the gaze

task, maintenance time on the dysphoric images yielded the largest statistical initial group

difference. Regarding initial group differences for the face-matching task, the LA response

to negative faces did not differ when averaged over all time points, but was different only at

the end of the block.

These results suggest that the negative attentional biases found in depressed subjects are

most evident when subjects must inhibit their attention to negative stimuli. In addition, the

presence of group differences for the go/no-go task neurally — but not behaviorally — im-

plies that neural measures may be more sensitive than behavioral ones to capture attention
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differences. This underscores the value of using rt-fMRI training to reduce negative atten-

tional bias, as our task successfully demonstrated.

Compared to most depression studies in rt-fMRI literature, this study is unique in its de-

sign and analysis methods. First, we used neurofeedback to train attention directly, as op-

posed to regulating mean activity within an ROI (e.g., Linden et al., 2012) or connectiv-

ity between regions (e.g., Yamada et al., 2017). Additionally, most of the previous rt-fMRI

studies trained depressed subjects to increase neural responses when recalling happy autobi-

ographical memories (Young et al., 2014; Yuan et al., 2014; Young et al., 2017; Zotev et al.,

2016). Regulating positive emotions has yielded robust benefits, asMehler et al. (2018) even

found unintentional clinical benefits for the control group, who were instructed to imag-

ine relaxing scenes while regulating scene-specific ROIs. Thus, the benefits of upregulating

one’s response to positive emotions may be robust, despite behavioral training not yielding

consistent effects. Our study explored the less-common approach of using negative, instead

of positive, stimuli for training.

Instead of reinforcing neural responses to positive stimuli, we used neurofeedback to train

attention away from negative stimuli. Our study differs from the small number of other rt-

fMRI studies using negative stimuli in thatwe regulated a decoded cognitive state, as opposed

tomeanROI activity. For instance,Hamilton et al. (2016) trained10depressed subjects to re-

duce salience network activity in response to negative scenes. In another example,MacDuffie

et al. (2018) had subjects recall negative memories while using a strategy from cognitive be-

havioral therapy (CBT). During CBT application, a neurofeedback signal trained subjects

to decrease anterior cingulate cortex (ACC) activity. Both studies yielded promising clini-

cal benefits specific to real-time training, in the form of decreased negative self-descriptions
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(Hamilton et al., 2016) and increased use of the trained CBT strategy after neurofeedback

(MacDuffie et al., 2018). Although the studies described above trained depressed subjects to

decrease their neural response to negative stimuli, our study is unique in its use of closed-loop

attention training.

Our future goals for this treatment program involve (1) proving that individualized neu-

rofeedback was necessary to achieve clinical benefits, and (2) transferring the neural trace

of attention to another modality to adapt this closed-loop design for a less-costly method

(e.g., EEG, eye-tracking, or reaction time, as in Keynan et al., 2019; Sanchez-Lopez et al.,

2019b; deBettencourt et al., 2019a, respectively). Regarding the first aim, we plan to include

a follow-up control group of depressed subjects. These depressed subjects would received

sham neurofeedback, either by receiving feedback that is yoked to a previous depressed par-

ticipant’s brain (deBettencourt et al., 2015) or determined by aROI deemed irrelevant to the

subject’s current attentional state (Young et al., 2017). In this design, if the control group of

depressed subjects do not show the same benefits, we can be more certain of the benefits of

attention-based individualized neurofeedback.

Regarding the second goal of transferring our neural signal from fMRI to anothermethod

(as demonstratedwith amygdala activity inMeir-Hasson et al., 2014; Keynan et al., 2019), we

firstmust understandwhich areas of the brain best determine clinical benefits. In the analyses

included inAppendix A, we replicated the analysis done in deBettencourt et al. (2015) to un-

derstand how different networks contributing to the neurofeedback signal relate to different

outcomes. Specifically, we correlated the relative involvement of the perceptual and atten-

tional networks in the neurofeedback signal with the various results detailed in the above

sections.
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We did not find any significant relationships between either network’s contributions to

neurofeedback and changes in sustained negative attention. However, we found a trending

positive relationship (all subjects) and a significant positive relationship (MDDsubjects only)

between the increase in attentional network contribution and the improvement in sustained

correct attention. This difference in results between our two sustained attention measure-

ments suggests that there may be different neural mechanisms underlying the reduction in

sustained negative attention versus the increase of sustained correct attention.

The former reduction in sustained negative attention reflects an improvement in inhibit-

ing attention away from negative faces. Thus, changes to this type of attention may involve

regions in the brain related to emotional regulation, such as connectivity between the amyg-

dala and frontal regions (Satterthwaite et al., 2016). As the latter improvement in sustained

correct attention demands maintaining attention on neutral scenes, one would expect im-

provements in this domain to require increased attentional network involvement. See Ap-

pendix A for more details on this analysis and results.

Finally, weplan touse the rt-cloud software in future iterationswhile exploring other train-

ing methods to optimize neurofeedback (e.g., training depressed subjects to focus on happy

faces). The open-source cloud processingwill allow other institutions to deploy this software

in a way that is efficient and reproducible. Ultimately, we hope to have both the real-time

processing and neurofeedback display controlled via a web server to minimize the amount of

dependency on the local scanning suite. Withmultiple variants of the task able to be deployed

simultaneously, we can determine the best approach for the optimal clinical trial.
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4
Real-time neurofeedback to alter

interpretations using naturalistic stimuli

Perception is reality.

Lee Atwater
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4.1 Introduction

Compared to healthy subjects, depressed subjects are more likely to assume a negative inter-

pretation of ambiguous scenarios, especially for those that use self-referential prompts (Ev-

eraert et al., 2017). Past research has associated increased depression severity with the persis-

tence of these negative interpretations even after learning that the scenarios ended positively

(Everaert et al., 2018).

To reduce this negative bias and encourage positive interpretations, researchers have used

cognitive bias modification for interpretation (CBM-I) training (Mathews & Mackintosh,

2000). During positive CBM-I training, depressed subjects are shown scenarios that differ

in interpretation depending on the final word, e.g., The new people you meet will find you

(boring/friendly). During training, the final word is revealed to disambiguate the meaning

(e.g., friendly) so that subjects becomemore likely to expect the positive outcome (Joormann

et al., 2015).

A meta-analysis collapsing across anxious and depressed individuals found that CBM-I

training led to a larger reduction in negative biases compared to attention bias modification

(ABM) training (Hallion &Ruscio, 2011). One explanation for the increased efficacy is that

CBM-I training uses self-relevant stimuli that are inherently more realistic and relatable than

negative faces or single words used in ABM training.

As with other training paradigms, however, results are mixed in regards to whether CBM-

I training actually improves depressive symptoms (Jones & Sharpe, 2017). One explanation

for the mixed clinical results is that the training uses a one-size-fits-all approach. In other

words, all subjects are trained in the same way, regardless of momentary lapses in attention,
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effort, or belief in one of the interpretations.

4.1.1 Current study

In the present study, we explored the feasibility of using real-time neurofeedback training to

bias healthy subjects toward a specific interpretation of a story. Instead of explicitly revealing

the correct interpretation as done in CBM-I, we used real-time fMRI (rt-fMRI) training to

reinforce neural activity corresponding to a target interpretation. In our study, instead of

one interpretation being positive and one negative, both of the two possible story interpreta-

tions were negative and differed in which characters were to blame for an unhappymarriage.

Neither interpretation was “correct”, in that there was no ground truth in the ambiguous

story. Each subject’s target interpretation was instead determined by random assignment be-

fore training. Ultimately, our goal was to induce different story interpretations according to

random group assignment.

We based our experiment on prior work showing that neural responses to a story vary de-

pending on how that story was interpreted (Yeshurun et al., 2017). In this study, Yeshurun

et al. (2017) explicitly instructed subjects to adopt one of two different interpretations be-

fore listening to the ambiguous story in the fMRI scanner. This manipulation ensured that

the two groups of subjects would interpret the story in different ways, allowing the authors

to look for neural signatures of interpretation that were shared within each group. Indeed,

the authors successfully identified neural regions that accurately predicted the interpretation

group of held-out subjects. Within these regions, the parts in the story that varied the most

in meaning based on interpretations were more likely to yield higher neural classification ac-

curacy. For further details regarding the results, see Yeshurun et al. (2017).
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In our current study, we designed an offline classifier using the same data published in

Yeshurun et al. (2017). For detailed methods regarding how we built this classifier, see Ap-

pendix B. Then, while real-time subjects listened to the same story in the fMRI scanner, we

used the offline classifier to decode which interpretations the subjects weremost likely think-

ing about in a given moment, and then provided intermittent feedback to push the subjects

toward their assigned interpretations.

After listening to the story, subjects answered questions to assess if neurofeedback success-

fully biased story interpretations. Thus, the critical comparison was between each subject’s

actual interpretation at the end of neurofeedback and the target interpretation determined

by random group assignment. If neurofeedback was successful, subjects in each of the as-

signed groups would be more likely to adopt the target interpretation of that group, causing

interpretations between assigned groups to differ. Since the success of neurofeedback de-

pended on both (1) our ability to decode interpretations based on neural activity, and (2)

the subjects’ own ability to understand and manipulate their neural responses, our analyses

described below assess success within each of these domains.

As outlined above, our primary goal was to alter final interpretations between the assigned

groups. As this study represents the first iteration of this project, we have not yet included a

control group in our design. However, for each of the experiments described below, we look

at group-level variance in neurofeedback as a preliminary control measure.

4.2 Experiment 1

In Experiment 1, we tested an initial version of our neurofeedback task and successfully

modified story interpretations across assigned groups. However, we also found that subjects
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within an assigned group received very similar neurofeedback scores. As such, it is unlikely,

that individualized neurofeedback produced this result.

4.2.1 Methods

4.2.1.1 Participants

Nineteen subjects consented to participate in this study. Two subjects did not understand

the task andwere excluded from analyses. Data from the remaining 17 subjects were retained

for further analysis (n female = 10, n left-handed = 1, mean age = 22.4 years). Subjects re-

ceived monetary compensation for their participation, including an additional bonus based

on their neurofeedback performance ($20maximum). The studywas approved by Princeton

University’s Institutional Review Board.

4.2.1.2 Stimuli

All subjects listened to a 12-minute adapted version of “Pretty Mouth and Green My Eyes”

by J. D. Salinger, read by a professional actor. The same stimulus was used in Yeshurun et al.

(2017). The audio began with 18 s of music and ended in silence. See Yeshurun et al. (2017)

for further details on the audio used.

The story beginswhenArthur calls his friend, Lee, after returning home late at nightwith-

out his wife, Joanie. Arthur is concerned about Joanie’s whereabouts. Lee is at home in bed

with a woman, although the narrator purposefully leaves her identity ambiguous. Yeshurun

et al. (2017) created two interpretation groups by briefing subjects on this woman’s identity

before they heard the story. The two interpretation groups were:
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1. cheating: Joanie is the woman in Lee’s bed. In this case, Joanie is cheating on her

husband, Arthur, with Lee.

2. paranoid: Lee’s girlfriend, Rose, is the woman in Lee’s bed. In this case, Arthur is

paranoid that Joanie is cheating on him and is bothering Lee late at night.

In our present study, subjects were also randomly assigned to an interpretation group

(cheating n= 9, paranoid n= 8), butwe did not tell subjects which interpretationwe assigned

as their target interpretation. Instead, we told all subjects about the two possible interpreta-

tions before they listened to the story. The subjects’ task was to figure out which of the two

interpretations was correct through neurofeedback.

Wepresented a visual stimulus todeliver neurofeedback (Figure 4.1). While listening to the

story, subjects viewed a rectangle on the screen. For most of the story, the rectangle was gray,

indicating that the subject should simply continue listening. Neurofeedback was estimated

based on brain activity during specific points of the story, which we refer to as recording sta-

tions. During these recording stations, the rectangle turned red to signal that brain activity

was being recorded. We did this so that subjects were aware of when we were analyzing their

brain activity. This served to help subjects interpret each neurofeedback score according to

their previousmental state, which is an advantage of using intermittent over continuous neu-

rofeedback (Oblak et al., 2017).

After each recording station, the classifier preprocessed their neural response and estimated

the probability that the subject belonged to either interpretation group. The probability for

the assigned groupwas directly used as the neurofeedback score. The rectangle then displayed

the neurofeedback score; a horizontal line through the center (chance classification) indicated

the threshold to earn any extra money and the filled area corresponded to the score. If sub-
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jects scored above threshold, the score was shown in green with the monetary reward under-

neath (e.g., a subject assigned to the cheating group would receive $0.67 for classification

p(cheating) = 0.67). Otherwise, the score was shown in gray with $0.00 below the rectangle.

By thresholding the value needed to earn rewards, subjects were not rewarded unless their

neural activity was more similar to the assigned interpretation group than that of the other

interpretation group. When subjects scored under threshold, the proportion shown by the

gray rectangle allowed subjects to still get a continuous estimate of their score. Altogether,

subjects completed 4 runs of neurofeedback.

To assess final interpretations after all runs, subjects answered the same questions from

Yeshurun et al. (2017). The 39 questions contained 27 comprehension questions (e.g.,What

was the girl doing when the phone rang?) and 12 questions that directly probed interpreta-

tion (e.g., Did you think Joanie was cheating on Arthur?). Additionally, subjects provided

numerical ratings (spanning 1-5) on opinions, such as how much they empathized with the

characters, enjoyed the story, thought neurofeedback helped, etc.

4.2.1.3 Procedure

On the first visit, subjects consented to the experiment and underwent initial structural and

functional scans for offline registration. Because our offline classifier was trained in standard

Montreal Neurological Institute (MNI) space, registering each subject’s brain toMNI space

allowed us to apply the classifier in real-time. For registration details, see Methods, Sections

4.2.1.5 and 4.2.1.7.

On the second visit, (at least one day later, mean delay = 3.1 days), subjects returned for

neurofeedback training. Before training began, subjects were randomized in a double-blind
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fashion into the cheating or paranoid interpretation group. Group assignmentwas done via a

Python script that saved assignment as a text file to be used later during neurofeedback. This

way, both the experimenter and participant were blind to group assignment.

Note: We emphasized the following in our instructions:

• Yourmission is to figure out the truth behind a phone conversation and solve themys-

tery

• The neurofeedback scores will reflect how well you’re interpreting the story; a higher

score means you are closer to the correct interpretation

Then, subjects listened to the story 4 times with neurofeedback. Once scanning was com-

pleted, subjects answered the story questions. Figure 4.1 illustrates the full experimental de-

sign and the neurofeedback stimuli.

4.2.1.4 Data acquisition

All scanning was acquired with a 3T MRI scanner (Siemens Skyra) and a 64-channel head

coil. Sequences were matched to Yeshurun et al. (2017) as much as possible. Both scan ses-

sions began with a Siemens scout scan for automatic alignment to the anterior commissure-

posterior commissure (ACPC) axis. On Visit 1, we then collected a high-resolution, T1-

weighted magnetization-prepared rapid acquisition gradient-echo (MPRAGE) anatomical

scan (repetition time (TR) = 2,300 ms, TE = 3.08 ms, flip angle = 9◦, resolution = 0.86 x

0.86 x 0.9 mm, FOV = 220 mm2) to register each subject’s brain to standardMNI space.

To increase brain coverage during scanning, the functional scans used aT2*weighted echo-

planar imaging sequence (1.5 s TR, 28 ms echo time, flip angle =64◦ x 3 x 4 mm voxel size,
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Figure 4.1: Design for the experiment. On Visit 1, a high-resoluঞon anatomical scan and a short funcঞonal scan were
acquired for registraঞon to to MNI space with fMRIPrep. At least one day later, subjects returned for 4 runs of story
listening with neurofeedback training. Each run was about 12 minutes long, and had the same audio sঞmulus used in
Yeshurun et al. (2017). Each run included 9 recording staࢼons when brain acঞvity was analyzed. Staঞons varied in length
between 3 - 40.5 seconds. A[er each staঞon, the neurofeedback score was displayed and subjects received a reward if
their neural classificaঞon was consistent with their group assignment. A[erwards, subjects answered quesঞons outside
of the scanner to assess their final interpretaঞon of the story.
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64 x 64 matrix, 192 mm field of view, 27 slices, 0-mm gap between slices, interleaved slice-

acquisition).

No fieldmap scans were collected, as we were trying to best match offline and real-time

preprocessing, and we would not be able to do so if the offline data included distortion cor-

rection but real-time data did not.

4.2.1.5 Image registration

To register all subjects to MNI space (between Visits 1 and 2), we used fMRIPprep 1.2.3

(Esteban et al., 2018b; Esteban et al., 2018a; RRID:SCR_016216), which is based onNipype

1.1.6-dev (Gorgolewski et al., 2011; Gorgolewski et al., 2018; RRID:SCR_002502). The

following description of preprocessing was generated with fMRIPrep.

Anatomical data preprocessing

The T1-weighted (T1w) image was corrected for intensity non-uniformity (INU) us-

ing N4BiasFieldCorrection (ANTs 2.2.0; Tustison et al., 2010), and used as T1w-

reference throughout the workflow. The T1w-reference was then skull-stripped us-

ing antsBrainExtraction.sh (ANTs 2.2.0), using OASIS as target template. Brain

surfaces were reconstructed using recon-all (FreeSurfer 6.0.1, RRID:SCR_001847,

Dale et al., 1999), and the brain mask estimated previously was refined with a custom

variation of the method to reconcile ANTs-derived and FreeSurfer-derived segmen-

tations of the cortical gray-matter of Mindboggle (RRID:SCR_002438, Klein et al.,

2017). Spatial normalization to the ICBM152Nonlinear Asymmetrical template ver-

sion 2009c (Fonov et al., 2009, RRID:SCR_008796) was performed through nonlin-

ear registration with antsRegistration (ANTs 2.2.0, RRID:SCR_004757, Avants
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et al., 2008), using brain-extracted versions of both T1w volume and template. Brain

tissue segmentation of cerebrospinal fluid (CSF), white-matter (WM) and gray-matter

(GM) was performed on the brain-extracted T1w using fast (FSL 5.0.9,

RRID:SCR_002823, Zhang et al., 2001).

Functional data preprocessing

For the 1 BOLD run per subject, the following preprocessing was performed. First, a

reference volume and its skull-stripped versionwere generatedusing a custommethod-

ology of fMRIPrep. The BOLD reference was then co-registered to the T1w refer-

ence using bbregister (FreeSurfer) which implements boundary-based registration

(Greve & Fischl, 2009). Co-registration was configured with nine degrees of free-

dom to account for distortions remaining in the BOLD reference. Head-motion pa-

rameters with respect to the BOLD reference (transformation matrices, and six corre-

sponding rotation and translation parameters) were estimated before any spatiotem-

poral filtering using mcflirt (FSL 5.0.9, Jenkinson et al., 2002). The BOLD time

series was resampled onto the original, native space by applying a single, composite

transform to correct for head-motion. The BOLD time series was then resampled

to MNI152NLin2009cAsym standard space. First, a reference volume and its skull-

stripped version were generated using a custommethodology of fMRIPrep.

All resamplings were performed with a single interpolation step by composing all the

pertinent transformations (i.e. head-motion transformmatrices and co-registrations to

anatomical and template spaces). Gridded (volumetric) resamplings were performed

using antsApplyTransforms (ANTs), configured with Lanczos interpolation to min-

imize the smoothing effects of other kernels (Lanczos, 1964).
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Many internal operations of fMRIPrep useNilearn 0.4.2 (Abraham et al., 2014,

RRID:SCR_001362), mostly within the functional processing workflow. For more details

of the pipeline, see the section corresponding to workflows in fMRIPrep’s documentation.

4.2.1.6 Cloud configuration

The goal of our rt-cloud projectwas tominimize processing done by a local Linuxmachine in

the scanner control room, and thus, decrease individual computing requirements for new re-

searchers. As part of rt-cloud development, this study served as a use case to create a generic

software framework for real-time cloud processing. Once DICOM files arrived at the lo-

cal Linux machine, they were kept in memory as bytes and immediately sent to the cloud

computer. On the cloud server, the BOLD data were then registered to MNI space, pre-

processed, and scored for a neurofeedback value. Finally, a text file was returned to the local

Linux machine to update the display. Control of the rt-fMRI pipeline was accessed via a

website that was accessible to any computer (with the necessary security permissions). Figure

4.2 illustrates both the delineation between local vs. cloud processing, as well as the real-time

processing steps.

4.2.1.7 Real-time pipeline

BOLD data were acquired in the subject’s native space, but the classifier was trained on data

in standard MNI space. Therefore, we had to transform each incoming BOLD volume to

MNI space in real-time. To do this, we combined previous offline registration steps from

fMRIPrep with real-time registration of each new BOLD volume. In real-time, we used

mcflirt (FSL 5.0.9, Jenkinson et al., 2002) to register each incoming BOLD volume with
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Figure 4.2: Cloud processing configuraঞon. Data was sent as bytes to the remote cloud server, and a text file containing
the neurofeedback score was returned to the local computer. Specific processing steps are also shown.

the example functional image acquired on Visit 1. We combined this transformation ma-

trix with the two transformation matrices calculated offline with fMRIPrep: (1) the trans-

formation from functional→ T1w space, and (2) the transformation from T1w space→

MNI space. All transformations were concatenated and performed in a single step using

antsApplyTransforms (Avants et al., 2008). Details of this pipeline performed on the cloud

server are shown in Table 4.1.

4.2.1.8 Real-time classification

We trained 9 separate offline classifiers corresponding to the 9 recording stations, or moments

in the storywhenwe analyzed brain activity. SeeAppendix B for details on classifier construc-

tion. During real-time runs, each station classifier predicted the likelihood that the subject
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Step Description Software used

1 Convert fromDICOM bytes to save as a NIfTI image
nilearn
(Abraham et al., 2014)

2
Calculate transformation matrix
between current TR and reference image

mcflirt
FSL 5.0.9
(Jenkinson et al., 2002)

3 Convert transformation matrix .mat→ .txt

c3d_affine_tool
Convert3D
(Yushkevich et al., 2006)

4
Transform current TR toMNI space by
concatenating all transformations

antsApplyTransforms
ANTs 2.1.0

(Avants et al., 2008)

5
Read and mask NIfTI data in MNI space,

store in memory
nibabel
(Brett et al., 2019)

If current TR is the last TR in a station:

6

Z-score data within voxels from the beginning
of the story to that TR (and remove voxels
that were outside of the brain by setting activity
to 0 if value was< 100 or std< 0.001) custom Python code

7 Subtract the average signal from the offline data set custom Python code

8 Classify station and generate NF score
Scikit-learn

(Pedregosa et al., 2011)
9 Save score as text file rt-cloud software
10 Send text file back to local Linux to update display rt-cloud software

Table 4.1: List of preprocessing steps completed on the cloud server for real-ঞme generaঞon of neurofeedback scores.
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was interpreting the story in line with the cheating or paranoid interpretation. We generated

this probability estimate using scikit-learn’s predict_proba function (Pedregosa et al., 2011).

The neurofeedback score displayed to each subject was:

scorefinal =


pcheating, if assigned group = cheating

1− pcheating, if assigned group = paranoid
(4.1)

Thus, the higher the neurofeedback score, themore similarly the real-time subject’s neural

response matched those of previous subjects in the same assigned interpretation group.

4.2.1.9 Story comprehension and interpretation scores

We analyzed the 39 story questions by dividing them into comprehension (27 questions) and

interpretation-specific questions (12 questions) as done in Yeshurun et al. (2017). We did not

analyze one of the interpretation-specific questions that asked for Lee’s girlfriend’s name,

since we informed subjects that Lee had a girlfriend namedRose prior to the experiment. All

subjects answered this question correctly, regardless of their interpretation.

To score the interpretation-specific questions, we assigned a +1 score to each answer corre-

sponding to the cheating interpretation, and a -1 score to each answer corresponding to the

paranoid interpretation. To calculate a final score, we totaled all interpretation-specific scores

and divided by the total number of questions. Thus, a +1 indicates answering all questions

consistent with a cheating interpretation, and a -1 indicates answering all questions consis-

tent with a paranoid interpretation.

To collapse across assigned groups and compare “correctness” of final interpretations (i.e.,

consistencywith group assignment versus inconsistencywith group assignment), we rescaled
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the interpretation-specific scores. To do this, wemultiplied the scores for all subjects assigned

to the paranoid group by -1. In this framework, a +1 score indicates answering all questions

consistent with one’s group assignment (correct), and a -1 score indicates answering all ques-

tions inconsistent with one’s group assignment (incorrect).

4.2.1.10 Empathy Ratings

After answering the story questions, subjects rated howmuch they empathized with Arthur,

Lee, Joanie, and “the girl” (whomever they presumed was the mysterious woman in Lee’s

bed). We expected thosewho assumed the cheating interpretation to empathizewithArthur,

and not with Lee and Joanie. Likewise, we expected those who believed the paranoid inter-

pretation to feel more empathy for Lee and Joanie, instead of Arthur. To compute one score

that captured the empathy bias, we subtracted the difference between each subject’s empathy

ratings for Arthur and Lee. When computing “correct empathy” scores, we again multiplied

the empathy difference for all subjects assigned to the paranoid group by -1. Thus, positive

“correct empathy” scores indicate that the subject empathizedwithArthur and Lee in aman-

ner that was consistent with the assigned interpretation group.

4.2.2 Results

If neurofeedback successfully modified interpretations, then we expected the randomly as-

signed groups to show final interpretations consistent with their group assignment. Addi-

tionally, if the neurofeedback was specific to the individual subject, we expected neurofeed-

back scores to vary on an individual level.
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4.2.2.1 Story comprehension and interpretation

All subjects understood the story as evidenced by near 100 percent accuracy on comprehen-

sion questions (Figure 4.3). The two groups did not differ in comprehension (t(15) = -0.42,

p = 0.68).

The groups significantly differed in how they answered interpretation-specific questions.

As shown in Figure 4.4, subjects in the paranoid group were more likely to select the para-

noid interpretation, and subjects assigned to the cheating group were more likely to select

the cheating interpretation. Thus, interpretation scores significantly differed between the

assigned groups (one-tailed t(15) = -1.95, p = 0.035).

paranoid cheating
assigned group

0.50

0.75

1.00

ac
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Comprehension scores

Figure 4.3: All subjects understood the story. Each dot represents a subject in either the paranoid group (green) or cheaঞng
group (peach). Error bars represent±1 s.e.m.
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Figure 4.4: Interpretaঞon scores differed significantly by assigned group. Each dot represents a subject in either the
paranoid group (green) or cheaঞng group (peach). Error bars represent±1 s.e.m. * = p< 0.05

4.2.2.2 Empathy ratings

As predicted, subjects randomly assigned to the paranoid group reported significantly more

empathy for Lee than those assigned to the cheating group (one-tailed t(15) = -2.96, p =

0.0049). There were no significant group differences in empathy for the other characters

(all other p≥ 0.20). The empathy difference (Arthur− Lee) was also significantly different

between groups (one-tailed t(15) = 2.23, p = 0.021). Figure 4.5 plots the empathy ratings by

group.

As both the explicit interpretation questions and empathy ratings probed final beliefs, we

examined whether these two measures were related. There was a nonsignificant positive cor-

relation between empathy rating (Arthur− Lee) and interpretation score (Pearson r = 0.33,

p = 0.19; Figure 4.6). Thus, we cannot conclude that subjects answered the explicit interpre-
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Figure 4.5: Empathy raঞngs for (a) all characters and (b) Arthur− Lee only, separated by assigned group (green = paranoid
group; peach = cheaঞng group). (a): Empathy for Lee differed significantly based on group assignment. (b): Arthur− Lee
empathy also differed significantly by assigned group. Circles represent individual subjects. Error bars denote±1 s.e.m.
** = p< 0.01; * = p< 0.05

tation questions and empathy ratings consistently.

4.2.2.3 Classification

The purpose of providing real-time neurofeedback was to give subjects individualized scores

based on their own neural responses to the story. Thus, if scores did not vary across subjects,

then neurofeedback would not have been necessary.

To understand how neurofeedback pushed subjects to the assigned interpretation, we av-

eraged the classificationprobability outputswithin each group andplotted the average by run

in Figure 4.7. The two groups showed very similar neural trajectories throughout all 4 runs.

In other words, the classifier predicted very similar probabilities that subjects were thinking

of the cheating or paranoid interpretation at a given point in the story. This was unexpected

because we successfully modified self-reported interpretations across the assigned groups.

To understand how similar classification outputs could still lead to behavioral differences,
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Figure 4.6: Correlaঞon between interpretaঞon score and Arthur− Lee empathy difference, rescaled by “correctness”. The
black line shows the line of best fit. Dots represent individual subjects; colors denote randomly assigned groups (green =
paranoid group; peach = cheaঞng group).
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Figure 4.7: Real-ঞme neurofeedback probability outputs that subjects were adopঞng the cheaঞng interpretaঞon. As
shown, classificaঞon scores followed a consistent trajectory for all subjects. Color denotes assigned group (green = para-
noid group; peach = cheaঞng group). Error bars represent±1 s.e.m.
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we plotted the neurofeedback score subjects received during neurofeedback instead of clas-

sification probabilities. Figure 4.8 shows that the similar neural patterns (and presumably

the interpretation trajectories) shared across subjects led to differences in when each group

received rewards. The paranoid group received larger rewards in the beginning and end of

the story, while the cheating group received larger rewards in the middle of the story.
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Figure 4.8: Neurofeedback scores delivered to subjects during real-ঞme neurofeedback. As shown, the ঞming of rewards
was opposite across groups. This could have led to successful differences in interpretaঞons, despite similar neural clas-
sificaঞons. Colors denote assigned group (green = paranoid group; peach = cheaঞng group). Error bars represent ±1
s.e.m.

We realized that the story’s narrative structure could be biasing our real-time subjects in

a way that was different from subjects who had been told an interpretation beforehand, as

was the case for the subjects used to train the classifier. For example, at the end of the story,

Arthur tells Lee that Joanie has returned home. For subjects who weren’t told what to think

beforehand, this most likely biased listeners to think that Arthur was paranoid. Thus, when

everyone adopted the paranoid interpretation during that recording station (as indicated by

the low cheating probability in station 7) the paranoid group was rewarded and the cheating
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group was not. Therefore, the groups were likely swayed to their assigned interpretation

based on the feedback score, not unique patterns of brain activity.

Since all subjects within a groupwere received very similar feedback scores, we hypothesize

that if we had switched one subject’s neurofeedback scores for another subject’s in the same

assigned group, this would have yielded similar behavioral effects. Thus, we do not think

that individualized neurofeedback was necessary in generating differences in interpretations

between assigned groups.

4.2.3 Discussion

Agold standard in rt-fMRI analysis is demonstrating that the effects achievedweredue specif-

ically to regulating one’s own brain via neurofeedback (Sorger et al., 2019). A yoked control

group that receives neurofeedback based on other subjects’ brain activity can provide this

proof (deBettencourt et al., 2015). While we did not include a yoked control group, the lack

of individual variation within group allows us to predict with confidence that yoked sub-

jects in each group would have been similarly driven to the assigned interpretation. It does

not appear that individualized neurofeedback was necessary to produce the observed group

differences.

While designing our real-time study, we had assumed based on Yeshurun et al. (2017) that

there would be two distinct time courses for the two interpretations throughout the story.

However, discriminability between interpretations became less robust when subjects were

not told what to believe beforehand. When subjects were allowed to form their own inter-

pretations, they were naturally pulled to each interpretation at different points in the story.

This was most problematic at the end of the story, when the classifier was the most accurate
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in predicting group labels in the offline data (see Appendix B, Figure B.3). As mentioned

above, Arthur’s revelation that Joanie returned home would have induced stark differences

in subjects already believing one of the two contexts (as in Yeshurun et al., 2017), but pushed

uncertain real-time subjects to the more-likely interpretation that Arthur was paranoid.

We aimed to correct several of Experiment 1’s flaws in Experiment 2, discussed next.

4.3 Experiment 2

In Experiment 2, our goal was to change the neurofeedback such that scores were different

for subjects within the same group. This way, if we were able to replicate the same behavioral

effects as in Experiment 1, we could better demonstrate the potential of using rt-fMRI for in-

terpretation training. We recognize thatwewill ultimately need a yoked control group to fully

prove that individualized rt-fMRI was necessary to modify story interpretations. However,

before recruiting this cohort, wefirst aimed toprove that our paradigmwas still able to change

story interpretations when each subject received entirely different neurofeedback scores. Ad-

ditionally, to assess if wewere accurately classifying real-time interpretations, we had subjects

report their current beliefs preceding each recording station. This gave us a ground truth to

assess our decoding ability. Table 4.2 summarizes the problems from Experiment 1 and how

we solved them in Experiment 2.

4.3.1 Methods

4.3.1.1 Participants

Twenty-two new subjects consented to participate in this experiment, but 2 subjects did not

return for their second visit. Thus, 20 subjects were included in the analyses (n female = 12,
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Experiment 1 Problem Experiment 2 Solution
Stations were strongly biased
to one interpretation, meaning that there
was little variation across subjects

We normalized classification probabilities
based on the mean and standard deviation
in Experiment 1

The two last stations, in particular,
were very biased toward the paranoid
interpretation

We removed the last two
stations

We had no way to verify if subjects
were completing the task or if
classification was accurate

We explicitly asked subjects for their
current beliefs before recording stations

Subjects were told that there
was one true interpretation

We told subjects that the story was
purposefully ambiguous and they
should learn according to neurofeedback
only

Table 4.2: List of changes made when designing Experiment 2 based on the problems in Experiment 1.

n left-handed = 2, mean age = 20.5 years). Of the 20 subjects, 10 were randomly assigned to

the cheating group and 10were randomly assigned to the paranoid group. Group assignment

was double-blind to the experimenter and participant, as described in Experiment 1. Group

assignment only changed the final neurofeedback score presented after each station.

4.3.1.2 Stimuli

All subjects listened to the same audio file and saw the same visual stimulus as described in

Experiment 1. This time, however, subjects received a probe prior to each station, asking

them to choose an interpretation “lens” for the the upcoming station. Subjects were free to

choose either interpretation at any time, as long as they were trying to maximize their scores.

Subjects pressed their index ormiddle fingers to indicate their choice of either the cheating or

paranoid interpretation (left/right position of choices was counterbalanced across subjects).
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A couple of seconds after the probe, the recording station began. Neurofeedback scores and

monetary rewards were displayed the same as in Experiment 1. See Figure 4.9 for example

stimulus displays.

After completing neurofeedback runs, subjects answered the same questions as in Experi-

ment 1 as well as a survey to record perception and strategies.

4.3.1.3 Procedure

Subjects completed the same experimental procedure as in Experiment 1. OnVisit 1, subjects

consented to the experiment and underwent initial structural and functional scans for offline

registration.

On Visit 2 (at least one day later, mean delay = 4.6 days), subjects returned to complete 4

runs of neurofeedback training (1 subject only completed 2 runs due to technical problems).

Note: This time, we emphasized the following in our instructions before scanning began,

to make sure that subjects were attending to neurofeedback throughout the entire experi-

ment:

• The story was written to be purposefully ambiguous, instead of there being one true

interpretation.

• You should try to interpret the story based on your neurofeedback, notwhat you think

was intended by the author.

• Even if you think that the correct interpretation was revealed in the story, characters

might be lying. Keep using neurofeedback to guide your interpretations.
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• The neurofeedback scores reflect how clearly and correctly your brain is interpreting

the story. Low scores can indicate either (1) noisy signals (e.g., poor focus) and/or (2)

incorrect interpretations.

• The neurofeedback score only represents the neural information recorded during the

station. We keep track of your responses to the probes for analysis purposes, but the

neurofeedback score you see is only based on your brain activity.

The full set of instructions used in Experiment 2 is included in Appendix B, Figure B.5.

After scanning, subjects completed the story questions and survey. Figure 4.9 illustrates

the full experimental design and the neurofeedback display.

4.3.1.4 Data acquisition

We used the same acquisition parameters as Experiment 1.

4.3.1.5 Classification

We learned from Experiment 1 that real-time classification probabilities were likely to be

pushed along similar trajectories, as subjects tended to share a common interpretation of the

story as it progressed. To introduce more variability between subjects and remove station

biases, we adjusted classification outputs using data from Experiment 1.

For each subject in Experiment 2, at a given station st, we applied the following formula to

transform the classifier’s cheating prediction probability p(c) to a neurofeedback score:

scorecheating =
p(c)st − μst

3σst
+ 0.5 (4.2)
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Figure 4.9: Design for the experiment. Subjects came in for an iniঞal scanning session to get their anatomical and funcঞonal
data registered to MNI space with fMRIPrep. At least one day later, subjects came back for 4 runs of neurofeedback. Each
neurofeedback run was about 12 minutes long, and had the same audio sঞmulus used in Yeshurun et al. (2017). Each run
included 7 recording staࢼons, or moments when brain acঞvity was analyzed. Staঞons varied in length between 3 - 16.5
seconds. Before each staঞon, subjects answered a probe to report which interpretaঞon they would adopt in the upcoming
staঞon. A[er each staঞon, the neurofeedback score informed subjects of how consistent their interpretaঞon was with
their assigned group, solely based on brain acঞvity (not their behavioral response to the probe). A[erwards, subjects
answered quesঞons outside of the scanner to assess their final interpretaঞon of the story.
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where μst and σst were that station’s mean and standard deviation, respectively, collapsed

across all subjects and runs in Experiment 1. We included a scaling factor of 3 so that the z-

scored differences would scale between [-0.5,0.5]. Thus, by adding 0.5 to this ratio, we could

set the range to be [0,1]. In case scores were much larger or much lower than station means,

we added the thresholds:

scorecheating =


0, if scorecheating < 0

1, if scorecheating > 1
(4.3)

Finally, we generated a score based on group assignment with:

scorefinal =


scorecheating, if assigned group = cheating

1− scorecheating, if assigned group = paranoid
(4.4)

In this framework, subjects scored at the 0.5 threshold if their classification was equal to

the mean of subjects in Experiment 1. To earn any reward, subjects had to score above that

station’s mean, in the assigned direction. Subjects would not receive any reward if classifi-

cation was lower than that station’s mean. This happened when (1) classification predicted

the non-assigned interpretation group, or (2) classification predicted the assigned group, but

the probability was lower than the mean. Because of this ambiguity, we informed subjects

that their scores not only reflected their interpretation, but also the noisiness of their brain,

so they should be focused in order to solve the task and maximize reward. Additionally, we

switched from a support vector machine (SVM) classifier in Experiment 1 to a logistic classi-

fier in Experiment 2 to ensure accurate prediction probabilities (sklearn solver=‘lbfgs’,C=1).
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4.3.2 Results

4.3.2.1 Story comprehension and interpretation scores

Comprehension accuracy indicated that all subjects understood the story (Figure 4.10), and

there was no significant difference between assigned groups (t(18) = 1.41, p = 0.17).

paranoid cheating
assigned group

0.50

0.75

1.00
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cu
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cy

Comprehension scores

Figure 4.10: All subjects understood the story. Each dot represents a subject in either the paranoid group (green) or
cheaঞng group (peach). Error bars represent±1 s.e.m.

Our neurofeedback manipulation did not push subjects to their assigned interpretation,

as indicated by the interpretation scores. Figure 4.11 shows the interpretation scores by as-

signed group. Neither group showed significant bias toward their assigned target (all p >

0.20). Further, the groups did not differ in interpretation scores (one-tailed t(18) = 0.062, p

= 0.48).
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Figure 4.11: Interpretaঞons were not modified by neurofeedback. Neither group was significantly pushed toward their
assigned interpretaঞon (green = paranoid group, peach = cheaঞng group). Error bars represent±1 s.e.m.

4.3.2.2 Empathy ratings

The empathy ratings for some of the characters did differ by group in the “correct” direction

of the assigned interpretations. There was a trend for subjects in the cheating group to have

more empathy for Arthur than subjects in the paranoid group (one-tailed t(18) = 1.38, p =

0.093). Additionally, subjects in the paranoid group hadmore empathy for Lee than the sub-

jects in the cheating group (one-tailed t(18) = -1.76, p = 0.048). The Arthur− Lee empathy

difference was significantly different between the assigned groups, with those assigned to the

cheating condition having more empathy for Arthur than Lee (one-tailed t(18) = 1.84, p =

0.041). Figure 4.12 plots the empathy ratings by assigned group.

Next, we examined if empathy ratings and interpretation scores were related. There was a

significant positive correlation between the Arthur − Lee empathy difference and interpre-
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Figure 4.12: Empathy raঞngs for (a) all characters and (b)Arthur− Lee only, separated by assigned group (green = paranoid
group; peach = cheaঞng group). (a): Empathy raঞngs differed significantly in the predicted direcঞon for Lee based on group
assignment. (b): Arthur− Lee empathy also differed significantly by assigned group. Circles represent individual subjects.
Error bars denote±1 s.e.m. * = p < 0.05; + = p < 0.1

tation scores (Pearson r = 0.51, p = 0.021; Figure 4.13). In other words, the more subjects

empathizedwithArthur over Lee, themore likely theywere to endorse the cheating interpre-

tation in response to the interpretationquestions. Unlike inExperiment 1, this time empathy

ratings and explicit interpretation responses were related.

4.3.2.3 Probe responses

Figure 4.14 shows the probe responses chosen, divided by assigned interpretation groups.

While the average choices diverged between groups in the assigned or “correct” direction by

the end of the last run, there were no significant differences between groups when correcting

for multiple comparisons via Bonferroni correction and treating each station as a separate

null hypothesis.
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Figure 4.13: Responses to interpretaঞon quesঞons as a funcঞon of the empathy difference between Arthur and Lee,
rescaled in terms of the “correct” beliefs, or how consistent that subject’s scores were with group assignment. The black
line shows the line of best fit. Colors denote randomly assigned groups (green = paranoid group; peach = cheaঞng group).
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Figure 4.14: Average probe responses during neurofeedback, separated by assigned group (green = paranoid group; peach
= cheaঞng group). Responses diverged at the end of the last run, though not to a level of significance. Error bars represent
±1 s.e.m.
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4.3.2.4 Classifier checks

To successfully use rt-fMRI to push subjects to the assigned interpretation, the following

conditions had to be met:

1. Neurofeedback scoreswithin grouphad tobe variable,meaning that the subjectswithin

each group were not receiving similar scores. While we know that this is not sufficient

in proving the necessity of rt-fMRI in changing behavior, variancewithin groupsmust

first be demonstrated before collecting future cohorts.

2. Wehad to accurately decodewhich interpretation subjects chose at each stationduring

neurofeedback runs.

3. Subjects had to properly learn from the neurofeedback signal. Learning in this task in-

volved listening to the story, attending to the neurofeedback scores, and subsequently

altering one’s neural response at each station.

First, we checked that there was sufficient variability in neurofeedback scores. If this was

the case, we should not see correlated scores within and across groups. Figure 4.15 shows the

neurofeedback scores, averaged by group. Unlike in Experiment 1 (Figure 4.8), rewards were

not strongly anti-correlated between assigned groups. In the first run, there was a nonsignif-

icant negative correlation between assigned groups (Pearson r = -0.41, p = 0.36). In the last

run, the rewards were significantly positively correlated (Pearson r = 0.77, p = 0.043). Thus,

if anything, the rewards on average became more similar between assigned groups from the

first to the last run. Additionally, the implementations in Experiment 2 increased within-

group variance. We increased the average within-group standard error of the mean from an

average of 0.016 in Experiment 1 to 0.059 in Experiment 2.
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Figure 4.15: Neurofeedback scores delivered to subjects during real-ঞme neurofeedback, divided by assigned group (green
= paranoid group; peach = cheaঞng group). Unlike in Experiment 1, neurofeedback scores were not anঞ-correlated be-
tween assigned group and showed variaঞon between runs. Error bars represent±1 s.e.m.

To assess decoding accuracy, we analyzed how the probe responses before each station

aligned with the corresponding classification output. If we were properly decoding inter-

pretations in real-time, we would see higher cheating probabilities when subjects reported

thinking of the cheating compared to paranoid interpretation. For each subject, we sepa-

rated all classification probabilities by probe response. We averaged the cheating probability

over all the times the subject chose the cheating interpretation and then averaged over all

the times the subject chose the paranoid interpretation. We estimated classifier accuracy for

each subject by subtracting the average cheating probability for cheating− paranoid probe

responses. Thus, more positive (e.g., more accurate) differences indicate high cheating prob-

ability following cheating responses and low cheating probability (or high paranoid proba-

bility) following paranoid responses.

On average, there was a trend for larger cheating probability when subjects endorsed the

cheating interpretation compared to the paranoid interpretation (one-tailed t(19) = 1.40, p
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= 0.088); 11/20 of the subjects showed this pattern. Results are shown in Figure 4.16. The

subject-level variation implied that some subjects receivedmore accurate neurofeedback than

others. Note: Here, we used actual classification probabilities, instead of adjusted scores.
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Figure 4.16: Cheaঞng probability was higher when subjects endorsed the cheaঞng interpretaঞon compared to the para-
noid interpretaঞon, although this difference did not reach staঞsঞcal significance. Note: the x-axis represents the probe
responses at each staঞon, not group. Lines connect each subject’s average probability for each response. Circle colors
denote group (green = paranoid; peach = cheaঞng). Error bars represent±1 s.e.m. + = p < 0.1

If subjects were able to learn from neurofeedback, we would expect that more accurate

neurofeedback scores would lead to stronger beliefs in the assigned or “correct” interpreta-

tion. Indeed, there was a significant positive relationship between interpretation scores and

classifier accuracy (Pearson r = 0.56, p = 0.010), suggesting that subjects with the most accu-
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rate neurofeedback were able to learn from the neurofeedback and were pushed toward the

assigned interpretation (Figure 4.17).
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Figure 4.17: Correct interpretaঞon plo�ed as a funcঞon of classifier accuracy. Classificaঞon accuracy and correct inter-
pretaঞon scores were posiঞvely correlated, suggesঞng that subjects with accurate neurofeedback were able to learn to
adopt the assigned interpretaঞon. The black line indicates the line of best fit. Individual dots represent each subject, with
the color indicaঞng group (green = paranoid; peach = cheaঞng).

4.3.2.5 Dividing subjects by classification accuracy

Given that some subjects received more accurate neurofeedback, we assessed if classification

accuracy influenced the behavioral outcomes described above. For these analyses, wemedian

split each assigned group based on classifier accuracy. Thus, 5 subjects from the cheating
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group and 5 subjects from the paranoid group were in the best group and 5 from each group

were in theworst group. Next, we assessed behavioral measures divided by the best andworst

classifier accuracy, instead of assigned group.

Story comprehension and interpretation scores

Comprehension scores did not vary significantly between classifier accuracy group (t(18) =

-1.41, p = 0.18), shown in Figure 4.18.
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Figure 4.18: Comprehension scores split by classifier accuracy. Comprehension scores did not vary significantly between
groups.

Unlike story comprehension, interpretation scores were significantly higher for the best

compared to worst classifier accuracy group (one-tailed t(18) = 2.44, p = 0.013), which was

expected based on the significant positive correlation between classification accuracy and cor-

rect interpretation. Figure 4.19 shows the results.
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Figure 4.19: Interpretaঞon scores split by classifier accuracy. Here, the interpretaঞon score is adjusted for assigned group
such that posiঞve values indicate correct responses. Correct interpretaঞon was significantly larger for the subjects with
more accurate classificaঞon. B = best;W = worst. * = p < 0.05

Empathy ratings

Arthurminus Lee empathy difference did not vary significantly depending on classifier accu-

racy (one-tailed t(18) = 0.77, p=0.23; Figure 4.20). The absence of anoverallmeandifference

is consistent with the fact that we were able to successfully modify empathy scores across all

subjects, so dividing the groups should not yield strong differences. Still, subjects with the

best classification had a higher mean and smaller variance than those with the worst classifi-

cation. The difference in distributions between the best and worst classifier groups may be

informative for how effective our manipulation was in modifying empathy scores.

Probe responses

As shown in Figure 4.21, choosing the correct interpretation during probes was heavily in-

fluenced by the accuracy of the classifier. In the final neurofeedback run, subjects with the

115



best worst
classifier accuracy group

5

0

5

co
rre

ct
 e

m
pa

th
y 

di
ffe

re
nc

e

Arthus minus Lee

Figure 4.20: Empathy difference for Arthur - Lee, split by classifier accuracy. Here, the empathy difference is adjusted for
assigned group such that posiঞve empathy differences indicate the correct direcঞon. There was no significant difference
between the best and worst classifier groups in terms of modifying empathy.

best classification were significantly more likely than subjects with the worst classification to

choose the correct assigned interpretation for 3 of the 7 stations (one-tailed t-test values were

all below p < 0.01 significance, after Bonferroni correction for multiple comparisons).

4.3.3 Discussion

The modifications that we made in Experiment 2 allowed us to test if more sensitive neuro-

feedbackwould still be successful in changing story interpretations. Overall, themost robust

difference between groups was found in empathy ratings, with the cheating group empathiz-

ing more with Arthur and paranoid group empathizing more with Lee. Only when we split

the subjects by best versus worst classifier accuracy did we see behavioral differences in inter-

pretation scores and probe responses.

At this time, it is unclear what caused the difference in classification accuracy across sub-

jects. One possibility is that some subjects showed poor classification because they were un-
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Figure 4.21: Probe choices split by classificaঞon accuracy (solid lines = best classificaঞon group; dashed lines = worst
classificaঞon group). Subjects with the most accurate classificaঞon were more likely to choose probes consistent with
their assigned interpretaঞon by the end of training. Error bars represent±1 s.e.m. Significance was corrected for mulঞple
comparisons using Bonferroni correcঞon. ** = p< 0.01; * = p< 0.05; + = p< 0.1

able to clearly shift their story interpretations (e.g., due to differences in attention span, cog-

nitive control capacity, working memory capacity, etc.). That is, the classifier might be ac-

curately registering a failure to adopt different interpretations. If this is the case, perhaps

screening subjects beforehand with various behavioral tasks could help exclude subjects who

will ultimately not perform well.

Another possible explanation for poor classification (other than individual differences in

cognitive ability) is that our analysis pipelinemay be insufficiently sensitive to real differences

in cognitive states. If poor classification was due to limitations of our pipeline (e.g., registra-

tion inaccuracy, ROI selection, classifier parameter choices), then our efforts would be best

directed at improving the pipeline.
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4.4 Discussion

With regards to changing final story interpretations according to randomly assigned groups,

both Experiments 1 and 2 succeeded in their ownway. Experiment 1 led to robust differences

in howgroups responded to interpretation-based questions at the end of scanning. However,

we think that this result was due to feedback scores alone that were insensitive to small neural

fluctuations. Since real-time subjects tended to be biased in the same way at the same points

in the story, their feedback scores were determined mostly by group assignment instead of

their own unique neural responses.

Experiment 2 was able to assess how accurately the classifier decoded interpretations in

real-time. Behaviorally, our manipulation modified empathy ratings across groups for Lee

and the Arthur− Lee difference. We believe we improved neurofeedback by increasing vari-

ability in neurofeedback scores within group. However, we still cannot conclude that indi-

vidualized neurofeedback was necessary for these results without recruiting a separate yoked

control group.

For the future yoked cohort, we cannot yoke to a single subject as is typical in other real-

time neurofeedback experiments (e.g., in deBettencourt et al., 2015). Subjects will be choos-

ing different interpretations throughout the story, so the same neurofeedback score will have

a different meaning depending on their current state. To account for this difference, we will

randomly sample yoked scores from those in the same group who have chosen the same re-

sponse. For example, if a yoked subject is assigned to the paranoid group and chooses the

cheating interpretation for run 1, station 3, we will randomly select a neurofeedback score

from all paranoid subjects in Experiment 2 who also chose the cheating interpretation for
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run 1, station 3. As a result, subjects will receive neurofeedback that they can interpret in the

same way as the actual real-time subjects. Only upon running this control can we then con-

clude whether or not this rt-fMRI paradigm is able to alter thoughts through individualized

neurofeedback.

A puzzling result is how some subjects in Experiment 2 showed accurate neural decod-

ing based on self-reported interpretations, while others did not. Individual differences in

responsiveness to neurofeedback has been noted in previous studies. It is estimated that up

to 30% of subjects are ‘non-responders’, meaning they cannot regulate their neural activity

with neurofeedback (Allison &Neuper, 2010; Sorger et al., 2019; Oblak et al., 2019). How-

ever, Oblak et al. (2019) warns that the reliability of the neurofeedback signal itself is a more

pressing issue. With the given results from Experiments 1 and 2, we cannot rule out which

one of these was to blame for poor results in some of the subjects.

On a broader level, this work presents the first attempt to use rt-fMRI to alter thoughts

related to naturalistic stimuli. Naturalistic stimuli have the advantage of producing robust

neural responses and, thus, generating more similar responses across people. This improves

across-subject analyses, such as intersubject correlation (ISC; Hasson et al., 2004), and likely

helped our effort to train the offline, between-subject classifier. This feature, however, may

simultaneously be a limiting factor in our attempt to change individual signals. Naturalistic

stimuli evoke large shared responses and may not be well-suited to find measurable and mal-

leable individual differences. The consistent responses across people and runs in Experiment

1 showed how the story yielded robust neural signatures across people. More work must be

done to find the balance between achieving high decoding accuracy across subjects and high

sensitivity to individual differences.

119



As we continue to test different iterations of this task, our rt-cloud software system will

facilitate this work by allowing us to perform identical real-time experiments across multiple

locations. Through efficient data collection, we can quickly adjust different parameters and

optimize our design for future clinical usage.
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5
Conclusion and future directions

It can scarcely be denied that the supreme goal of all theory is

to make the irreducible basic elements as simple and as few as

possible without having to surrender the adequate

representation of a single datum of experience.

Albert Einstein
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5.1 Lessons learned

In each of the previous chapters, we considered how rt-fMRI can be used to alter thoughts.

First, we explored how to change negative attentional states common to depression with rt-

fMRI neurofeedback. The review in Chapter 2 identified one attentional process — disen-

gaging attention away fromnegative stimuli— that yielded robust group differences between

depressed and healthy participants; shown through eye movements (Sanchez et al., 2013),

key presses (Gotlib & Joormann, 2010), and neural responses (Sheline et al., 2009). Sur-

veying previous literature allowed us to determine suitable approaches for our own rt-fMRI

research.

In Chapter 3, we recruited our own cohort of depressed and healthy participants for an

rt-fMRI study designed to train attention away from negative faces. Our results supported

our hypothesis that disengagement is a key problem for depressed subjects. Compared to

healthy control subjects, depressed subjects showed increased sustained negative attention,

as measured through our neurofeedback task (and eye movements in a separate task) before

training. Additionally, after neurofeedback, depressed subjects reduced their sustained nega-

tive attention, as well as their depression severity. Finally, the reduction of sustained negative

attention during neurofeedback was positively related to the reduction in depression sever-

ity. This suggests that rt-fMRI trainingmay have led to these improvements, though another

control group is needed for further confirmation.

In Chapter 4, we explored the possibility of using rt-fMRI to alter story beliefs in two dif-

ferent experiments. In Experiment 1, we significantly changed story interpretations between

our randomly assigned groups. However, we observed that neurofeedback within groups
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was largely similar, and thus not sensitive to an individual’s neural activity. We improved

on our design in Experiment 2 by adjusting neurofeedback scores so they varied between

participants. This time, we no longer managed to change story interpretations, though we

significantly changed empathy across groups for Lee and Arthur − Lee. Furthermore, we

did change story interpretations for the subjects with the most accurate neural classification.

Thus, we believe that individualized neurofeedback shaped interpretations successfullywhen

the signal was accurate, though a follow-up control group is needed for verification.

5.2 Future directions

While each of our rt-fMRI studies succeeded in changing thoughts — in the form of atten-

tion to negative faces or beliefs surrounding a story— the role of rt-fMRI in inducing these

effects remains uncertain. To verify its role, we will include a control group in each of our

studies.

Regarding our depression study outlined inChapter 3, wewill need to include a depressed

control group that receives another kind of neurofeedback, either based on activity from an

irrelevant region (e.g., auditory cortex), or a previous subject’s brain activity. If the depressed

subjects in this control group gain similar benefits as our original subjects, then we will con-

clude that individualized rt-fMRI was not critical in our study. However, if the new control

group does not gain the same benefits, we can conclude with more confidence that the neu-

rofeedback was effective by forcing subjects out of negative states, particularly at moments

when they were stuck.

For our interpretation study described in Chapter 4, we will include a control group that

receives neurofeedback based on a previous subject’s neural response. We will always yoke to
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subjects in the same assigned group. However, we will not yoke to a single previous subject,

as probe responses can differ at each station. To account for this, we will randomly select

neurofeedback scores from subjects in the same group who chose the same interpretation at

a particular station. In this way, we can control for the different choices subjects made in

real-time. If the yoked control group shows similar interpretation group effects as our exper-

imental subjects in Experiment 2, we will conclude that the neurofeedback did not need to

be individualized to a subject’s neural response. However, if this yoked group does not show

interpretation differences across assigned interpretations, we canmore confidently claim that

neurofeedback provided to subjects’ neural response at a specific moment in the story led to

interpretation differences.

Future iterations of both experiments will be facilitated by our rt-cloud software. We can

efficiently reproduce our real-time processing pipelines formultiple users and institutions, as

the software is largely independent of local resources.

5.3 Final conclusion

This thesis has explored the potential of using rt-fMRI neurofeedback to change thought

trajectories over time. While the two projects are currently unable to prove the causal role of

rt-fMRI without follow-up control groups, each experiment has yielded preliminary success

in altering thoughts. The current results showcase the ability of using computational tools

to decode complex cognitive states and deliver prompt neurofeedback. It is our hope that

our projects contribute to the rt-fMRI community through the unique designs, scientific

findings, and open-source rt-cloud processing pipelines.
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A
Supplementary Materials: Chapter 3

A.1 Correlationwith specific networks

Although we used a whole-brain ROI to train attention in real-time, we wanted to under-

stand how the contributions of specific networks – perceptual versus attentional – affected

subsequent learning. To do this, we replicated themethods fromdeBettencourt et al. (2015).

Namely, we first downloaded ROIs for the attentional and perceptual networks from Neu-
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rosynth (Yarkoni et al., 2011). Similar to deBettencourt et al. (2015), we used functional

and anatomical definitions to create each network ROI. For functional masks, we queried

Neurosynth for ‘attention’ and ‘faces’ or ‘places’ for the attentional and perceptual network,

respectively (statistical threshold z≥ 2.3). We then used anatomical masks to ensure that the

attentional network included only frontal andparietal lobes, and that the perceptual network

only included the occipital and temporal lobes (using the respectiveMNI atlas labels in FSL).

Next, we retrained and tested the new classifiers using the same data that were recorded

in real-time, but this time we masked the data first with each network ROI. Thus, the new

neurofeedback scores represented what the neurofeedback would have been had that ROI

been used in real-time. Finally, we correlated the original neurofeedback scores with each of

the scores from the ROIs to understand the relative contribution that each networkmade in

determining the neurofeedback score. To understand how network contributions impacted

learning, we then correlated the relative contributions with behavioral and neural outputs.

A.1.1 Results

All of our results are summarized in Table A.1.

First, we focused on replicating the results from deBettencourt et al. (2015) as closely as

possible. Thus, the two metrics we correlated were (1) average network correlation over all

neurofeedback runs, and (2) average go/no go - behavior task ΔA′ over all possible conditions

(e.g., when ignoring sad faces, attending happy faces, etc.). No relationship between net-

work correlation and behavioral improvement was found for either network, considering all

subjects andMDD subjects only (first row in Table A.1; Figure A.1).

If average correlations between networks did not relate to behavioral learning, we wanted
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Correlation Performance measure
All:

Perceptual
MDD:

Perceptual
All:

Attentional
MDD:

Attentional

Average ΔA′
r = 0.32
p = 0.10

r = 0.14
p = 0.63

r = -0.23
p = 0.25

r = -0.49
p = 0.066

Δ ΔA′
r = 0.45
p = 0.019

r = 0.14
p = 0.63

r = 0.38
p = 0.048

r = 0.49
p = 0.063

Δ
reduction in sustained
negative attention

r = -0.17
p = 0.42

r = 0.13
p = 0.66

r = -0.13
p = 0.53

r = 0.020
p = 0.95

Δ
increase in sustained
correct attention

r = 0.10
p = 0.62

r = 0.10
p = 0.72

r = 0.38
p = 0.057

r = 0.60
p = 0.018

TableA.1: All Pearson r correlaঞon results for network contribuঞons. All = all subjects included;MDD = onlyMDD subjects
included; yellow = p < 0.05
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Figure A.1: Correlaঞon results that sought to replicate that of deBe�encourt et al. (2015) as closely as possible. No sig-
nificant correlaঞons were found from averaged network correlaঞons over the course of the three days of neurofeedback.
wb = whole-brain ROI. Circle color indicates group (red = MDD group; black = HC group).
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to see if the changeofnetwork contributions did relate to improvements inbehavior. Ofnote,

the neurofeedback in deBettencourt et al. (2015) included one day of neurofeedback, so aver-

aging over all runsmay have beenmore fitting in that design. Because our study encompassed

multiple days of training, pre- versus post-neurofeedbackmetrics may bemore descriptive of

learning, as opposed to averaging across all days. To do this analysis, we took the first 3 runs

of the first neurofeedback session (early NF) and the last 3 runs of the last neurofeedback

session (late NF), as we had done for our other classification analyses (see Methods, Section

3.2.7.2).

When including all subjects, the contributions of both networks were positively corre-

lated with behavioral improvements. However, when considering only depressed subjects,

only the attention network contribution changes weremarginally positively correlated to be-

havioral changes (second row in Table A.1; Figure A.2).

Next, we assessed if change in network correlations were related to changes in sustained

attention during neurofeedback, both for negative and correct attentional states. There were

no significant relationships between changes in network contribution and changes in sus-

tained negative attention (third row in Table A.1; Figure A.3).

However, improvements in sustained correct attention were related to increases in atten-

tional, but not perceptual, network contribution (fourth row in Table A.1; Figure A.4). The

positive relationship was marginal when considering all subjects and significant when con-

sidering MDD subjects only. Thus, this relationship seems to be driven by the depressed

subjects.

The difference in results between sustained negative attention and sustained correct at-

tention suggests that there may be different mechanisms that produce improvements within
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Figure A.2: Behavioral changes as a funcঞon of change in network correlaঞons. It appears that the HC group is driving
the correlaঞon between increased perceptual network contribuঞon and A′ improvement, while the MDD group is driving
the correlaঞon between increased a�enঞonal network contribuঞon and A′ improvement. wb = whole-brain ROI. Circle
color indicates group (red = MDD group; black = HC group).
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Figure A.3: Reducঞon of sustained negaঞve a�enঞon as a funcঞon of change in network correlaঞons. We did not see any
significant relaঞonships. wb = whole-brain ROI. Circle color indicates group (red = MDD group; black = HC group).
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Figure A.4: Improvement in correct sustained a�enঞon as a funcঞon of change in network correlaঞons. Here, the increase
in a�enঞon network contribuঞon from early to lateNFwas posiঞvely correlatedwith the improvement in sustained correct
a�enঞon. wb = whole-brain ROI. Circle color indicates group (red = MDD group; black = HC group).

each domain. Reductions in sustained negative attention involve inhibiting attention to neg-

ative stimuli, while increases in sustained correct attention involve properly maintaining at-

tention on neutral stimuli. Thus, the attentional network may be key to ensure improve-

ments in sustained correct attention, while reductions in sustained negative attention may

rely on the other neural markers (e.g., network activity of other regions in the DMN, as in

Sheline et al., 2009), activity within localized regions (e.g., amygdala, as in Fales et al., 2008),

or changes in connectivity between regions (e.g., amygdala to frontal connectivity, as in Sat-

terthwaite et al., 2016).
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B
Supplementary Materials: Chapter 4

B.1 Designing the classifier

Before being able to provide neurofeedback based on story interpretations, we had to con-

struct an accurate classifier based onpreviously collected data. In order to decide on decoding

methods, we optimized neural decoding in the following ways: (1) how we preprocessed the

data entered into classifier training, and (2) which time points of the story would be analyzed
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in real-time. We outline the process for making each decision in the following sections.

B.1.1 Neural data

We used previously-collected data fromYeshurun et al. (2017), where subjects were explicitly

instructed to adopt one of two different interpretations before listening to an ambiguous

story in the fMRI scanner. Thismanipulation ensured that the two groups of subjects would

interpret the story in different ways, allowing the authors to look for neural signatures of

interpretation that were shared within each group. The data set included 38 subjects: 19

subjects who were told that Joanie was cheating on Arthur, and 19 subjects who were told

that Arthur was paranoid. Note: The data published in Yeshurun et al. (2017) included 20

subjects per group, but 2 of the subjects had variable start times, so we only included the data

from subjects that were perfectly synced to minimize the use of processing techniques that

would not be available in real-time. Formore details regarding this data set, see Yeshurun et al.

(2017). We preprocessed the neural data from the remaining 38 subjects in the same way as

detailed above in Chapter 4 (seeMethods, Section 4.2.1.5), using fMRIPprep 1.2.3 (Esteban

et al., 2018b; Esteban et al., 2018a; RRID:SCR_016216).

B.1.2 Classification approach

Wedesigned our offline analysismethod based on the insights provided byChen et al. (2015).

The authors analyzed the samedata inYeshurunet al. (2017), but this timeused anovel shared

response model (SRM) approach in two different steps to improve classification accuracy.

Usually, SRM is used when subjects listen or view naturalistic stimuli (e.g., movies, audio) in

order to extract the common signal to best represent the stimulus-dependent evoked response
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(Chen et al., 2015; Vodrahalli et al., 2016).

As described inChen et al. (2015), a subject’s time series is represented asXi∈Rv×d, where

v is the number of voxels within the ROI and d is the number of TRs in the time series, for

subjects i = 1 : m.

Using SRM, each subject’s time series is broken down as a linear combination of shared

and residual components, or

Xi = WiS+ Ei (B.1)

In the above notation, S ∈ Rk×d is the time series of activity in shared space, and is the

same for all subjects. Wi ∈Rv×k is the subject-specific feature matrix that transforms voxels

into shared k-dimensional space. Both terms are found through optimizing the model such

that each subject’s residual term, Ei, is minimized. The reduced dimension, k, is chosen by

the experimenter before training the model.

Thus, one can determine the residual response, which represents responses unique to the

individual via subtraction of the original and shared responses:

Ei = Xi −WiS (B.2)

While the same principles of SRMoutlined above are relevant for our use, there is a critical

difference. Because the data set in Yeshurun et al. (2017) included two groupswho listened to

the same narrative, we were not interested in the signal that was shared amongst all subjects.

Rather, we wanted to extract the signal that was common within each group, as the shared

signals within each of the two groups would likely reflect interpretations. For this reason,
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Chen et al. (2015) used SRM in two stages.

In the first SRM step, the authors fit one SRM, S1, in k1 dimensions and included all sub-

jects. Then, the authors kept only the residual signal, E1, for each subject. This had the

effect of removing any signal that was common to the two interpretation groups (and thus

was not informative about interpretation). Then, the authors removed 1 subject per group

for testing. They divided the remaining subjects by group for the next SRM. In the second

SRM step, each group was fit to its own SRM in k2 dimensions (e.g., one paranoid group

model, S2p, and one cheating group model, S2c). This time, the authors kept only the shared

responses, W2S2 ∈ Rv×d, and removed the residual term. The shared component of each

subject’s signal served as classifier training data. This classifier then predicted the group label

of the 2 held-out subjects.

Using this two-stage SRM procedure, average prediction accuracy increased from 72%

(no SRM) to 82%with the best-fitting dimensions set for each SRM, k1, and k2, respectively.

See Chen et al. (2015) for additional mathematical details on SRM analysis and BrainIAK

(https://brainiak.org/) for details on implementation. We adapted this approach for our

offline analysis, though we modified it slightly for real-time application.

B.1.3 Decision 1: how to preprocess the data

To determine which parameters resulted in the most accurate classification, we ran a boot-

strap analysis with the offline data set. The parameters tested were: ROI, choice of high-

pass filter, dimensions for SRM (k1 and k2), and whether or not to remove the average re-

sponse over all subjects. For each parameter value considered, we ran a bootstrap analysis

1,000 times. In each bootstrap iteration, we randomly selected 2 subjects (1 per group) as
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testing data, and 36 subjects (18 per group) as training data. We kept the number of subjects

in each group even by sampling within group. Details regarding the order of these steps are

shown in Figure B.1. Specific options tested for each parameter are listed next.

STEP	TWO:	SPLIT	DATA	AND	BUILD	SRM	IN	TWO	STAGES

STEP	ONE:	PREPROCESS	DATA	TO	FORM	AGGREGATE	DATA	MATRIX	WITH	ALL	SUBJECTS

time	(TRs)

Preprocessing	for	each	subject,	s

3D	story	data
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STEP	THREE:	TRAIN	AND	TEST	CLASSIFIER

ROI,	r cutoff,	 f

k1

Subtract	mean	
response

k2

Y/N

k2

Figure B.1: Steps taken for each of our bootstrap iteraঞons. Before spliমng the data into training and tesঞng data, we
completed certain preprocessing steps for all subjects: we masked the story ঞme series given a specific ROI, we high-
pass filtered the data based on a parঞcular cutoff (or no cutoff) frequency, and we fla�ened this ঞme series into a 2D
matrix. Next, we randomly selected 2 subjects (1 per group) to be le[ out for tesঞng. For the remaining training data,
we randomly selected 18 subjects per group (with replacement) so that groups were sঞll balanced. Then, we trained an
SRM on all training data using k1 dimensions and removed the shared signal. Next, we subtracted the mean response (if
this step was included). We then trained separate SRMs using k2 dimensions and kept only the shared signal. Finally, we
trained the classifier on the resulঞng residuals (in voxel space). We then used the classifier to predict group labels for the
2 held-out subjects.

B.1.3.1 Regions of interest

We considered three ROIs for this study. The list of ROIs and the steps taken to create each

ROI is shown in Table B.1.
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Index Name Method N voxels

0
Default Mode

Network (DMN)
Yeo et al. (2011):
- resampled to functional space 3,757 voxels

1
Theory of Mind

(TOM)

Neurosynth (Yarkoni et al., 2011):
- used the association test only
- thresholded at FDR-corrected
p≤ 0.01 significance
- resampled to functional space
- masked by average brain mask across all subjects 2,414 voxels

2 TOM clusters

Yeshurun et al. (2017), Supplementary section
(Table 1):
- Extracted significant clusters:
left TPJ, precuneus, posterior cingulate,
VMPFC, DMPFC, rIFG, lIFG, lSTS,
and left temporal pole
- converted toMNI space
- created 10-mm cube around each cluster
- resampled to functional space
- masked by average brain mask across all subjects 240 voxels

Table B.1: All ROIs considered in our bootstrap analysis, with a descripঞon of how we created each mask. The index on
the le[ corresponds to the ROI key shown in Figure B.2.
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B.1.3.2 High-pass filtering

Because the story lasted about 12 minutes, we had no a priori knowledge of what filtering

cutoffwould be optimal in removing noise. Thus, we tested 3 different frequency options for

high-pass filtering: (1) no filtering, (2) high-pass filteringwith a cutoff of 337.75 s aswas done

in Yeshurun et al. (2017), and (3) high-pass filtering with a cutoff of 140 s as is commonly

done in fMRI studies. These options are represented in Figure B.2 as indices 0, 1, and 2,

respectively.

B.1.3.3 Dividing the data into training and testing data

Once the data were preprocessed (first 2 TRs removed, high-pass filtered, masked), we z-

scored each voxel’s time series. Then we randomly selected 1 subject per group to remove

from the subsequent processing steps and hold out for testing. The purpose of this step was

to mimic real-time data collection as accurately as possible. To build the training data ma-

trix, we randomly selected 18 subjects per group (with replacement). This way, the number

of subjects per group in our data set would remain balanced.

B.1.3.4 Step 1 SRM

As described above, we executed an initial step of SRM and removed the component of the

signal that was shared amongst all training subjects. The purpose of this step was to remove

signal that captured low level processing that would be common across all subjects. We tested

the benefits of this step by modifying the number of dimensions in the SRM, k1. Note: we

additionally tested not performing this step at all with k1 = 0.
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B.1.3.5 Subtracting the group signal

Next, we averaged each voxel’s time series across all subjects (in the training data set only).

We then subtracted this mean signal from each subject’s voxel activity. This step was done

in Yeshurun et al. (2017), as it accomplishes the same goal as the first SRM step by removing

shared signal across groups. We tested the benefit of this step by varying whether or not it

was included.

B.1.3.6 Step 2 SRM

Next, we divided the training data by interpretation group. In each group, we trained a sep-

arate SRM with k2 dimensions. This time, we kept only the shared component for each

subject, as the signal likely related to story interpretation. We then trained a classifier on this

cleaner signal.

B.1.3.7 Training and testing

After all preprocessing steps were completed and we had our final training data matrix, we

then tested the model on the 2 subjects that were held out.

We created two different types of classifiers:

1. TR classifier: We trained a separate classifier for each TR in the story. This allowed us

to find which TRs were the most accurate in predicting group label.

2. Spatiotemporal classifier: We flattened each voxel x time matrix into a 1-D vector as

done in Chen et al. (2015). This allowed us to test how spatial and temporal informa-

tion together improved classification.
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We used Scikit-learn’s (Pedregosa et al., 2011) SVM classifier (kernel=‘linear’, probabil-

ity=True) to predict the group label of the 2 left-out subjects. By comparing classification

accuracy for both classifier types, we learned how each classifier performed and the best mo-

ments to classify the signal.

B.1.3.8 Choosing the preprocessing method

The results of our bootstrap analysis is shown in Figure B.2. The results are ranked by the

the mean accuracy across the TR and spatiotemporal classifiers over all bootstrap iterations.

Thus, the classifier shown in the left-most or 0 index is the classifier with the overall high-

est accuracy. This classifier corresponded to the following preprocessing steps: ROI = large

TOMmask, 337.73 s cutoff high-pass filter, average signal removed, k1 = 0 (no step 1 SRM),

and k2 = 25.

We originally chose this classifier, but later decided to remove the high-pass filtering step.

Upon further analysis, we noticed a spike in noise at the high-pass filter cutoff when we sim-

ulated real-time processing, as opposed to processing data only at the end of the run. We

kept all other parameters the same. Thus, our final processing parameters were: ROI = large

TOMmask, no high-pass filter, average signal removed, k1 = 0 (no step 1 SRM), and k2 = 25.

This parameter combination yielded the highest TR classifier accuracy. The performance of

this classifier is shown in the red box in Figure B.2. Compared to all other classifiers that did

not include filtering, this classifier had the second highest overall accuracy.
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Figure B.2: Results from the classifier search. Shown are the top 20 performing parameters for classificaঞon ranked by
the average accuracy across TR and spaঞotemporal classifier performance. Best to worst is ordered from le[ to right. The
red box marks which parameter set was ulঞmately chosen: ROI = large TOM mask, average signal removed, no high-pass
filter, k1 = 0, k2 = 25. While we iniঞally chose the top ranked classifier, we noঞced high-pass filtering induced noise at
the cutoff frequency. Amongst the other classifiers that didn’t include high-pass filtering (third row = 0), we chose the
second-highest performing classifier on average, and the top performing TR classifier out of all opঞons. Error bars show
95% CI over bootstrap iteraঞons.
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B.1.4 Decision 2: which time points in the story to use for neurofeedback

To decide when to provide neurofeedback, we also used behavioral ratings from Yeshurun

et al. (2017) to identify maximally different points in the story depending on interpretation.

Each of the story’s 179 segments were rated in terms of how much they differed in beliefs,

emotions, and intentions depending on the context. Yeshurun et al. (2017) found that the

segments that were rated as themost different were associatedwithmore accurate group clas-

sification. This result is a good sanity check, as some parts of the story had nothing to dowith

the cheating versus paranoid interpretations (such as when the narrator described a chair).

To combine all the ratings into one score, we first z-scored belief, emotion, and intention

ratings across raters. Then, we calculated segment scores by taking the mean of all ratings

at each segment. Thus, larger segment scores meant that those time points were rated as

differing more in the story. In Figure B.3, the segment scores are plotted in blue and the

average individual TR accuracy (from our chosen classifier) is plotted in black. The Pearson

correlation between the TR accuracy and segment scores was r = 0.21, p = 71E-6, meaning

that the more a segment was rated as differing between contexts, the better the TR classifier

performed. As mentioned above, this relationship was reported in Yeshurun et al. (2017),

though the analysis methods differed.

To determine the best time points for neurofeedback, we required that includedTRsmust

have: (1) individual TR classifier accuracy≥ 0.55, (2) segment score≥ 0, and (3) the first 2

conditions satisfied for at least 2 consecutive TRs. Once these TRswere extracted, individual

spatiotemporal classifiers, or stations, were trained and tested using the same bootstrap anal-

ysis with the chosen preprocessing parameters. Out of the stations we tested, we chose final

stations with the highest accuracy and even distribution throughout the story. Accuracy re-
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sults for the chosen stations are shown in red in Figure B.3. See Figure B.4 for a comparison

of classifier accuracy across TR, spatiotemporal, and station classifiers.
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Figure B.3: TR and spaঞotemporal staঞon accuracy shown over ঞme. The x-axis shows the TR number, while the le[ y-
axis shows the classificaঞon accuracy. The solid black line represents the individual TR classifier accuracy, with the shaded
gray 95% CI over all bootstrap iteraঞons. The dashed black line indicates the minimum TR accuracy needed to include a
given TR in a staঞon. The red lines show chosen staঞons, with their height indicaঞng classificaঞon accuracy, with 95% CI
over all bootstrap iteraঞons. The blue line shows the segment score raঞngs (right y-axis). The posiঞve correlaঞon between
the TR classificaঞon accuracy and segment scores implies that points in the story that were rated to differ in interpretaঞon
generally yielded more accurate classificaঞon.

B.2 Instructions for Experiment 2

Next, we include the instructions that were used in Experiment 2 in Figure B.5.
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Figure B.4: Classifier results from the winning parameters: ROI = large TOM mask, average signal removed, no high-pass
filtering, k1 = 0, k2 = 25. The different bars represent different classifier types. In black, the TR classifier accuracy was the
least accurate, as it is averaged over all TRs in the story, which included uninformaঞve TRs. The spaঞotemporal classifier
over the enঞre story was the most accurate, though isolaঞng specific spaঞotemporal staঞons sঞll led to accurate, and less
variable, results. Error bars represent 95% CI over all bootstrap iteraঞons.
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WELCOME	TO	THE	EXPERIMENT!	

	

Today	you	will	listen	to	a	story	multiple	times.	The	story	was	written	to	be	

purposefully	ambiguous,	as	it	can	be	interpreted	in	2	different	ways	that	are	

equally-probable.	Our	goal	is	to	guide	you	to	one	of	the	interpretations	through	

neurofeedback	(scores	based	on	your	brain	activity).	Your	mission	today	is	to	be	
an	active	listener	and	to	figure	out	which	interpretation	we’re	trying	to	push	
you	towards.	
****************************************************	

Your story briefing: 
 
It is late at night and the phone is ringing. On one end of 
the line is Arthur; Arthur just came home from a party. He 
left the party without finding his wife, Joanie. 
 
On the other end of the phone call is Lee, Arthur’s friend. 
He is at home and has just returned from the same party. 
 
There is a woman in Lee’s bed. Her identity is unknown. 

****************************************************	

There	are	2	possible	lenses	from	which	you	can	interpret	the	story’s	events:	

	

1. CHEATING	LENS:	The	woman	in	Lee’s	bed	is	Arthur’s	wife,	Joanie.	If	

Joanie	is	in	Lee’s	bed,	then	Lee	and	Joanie	are	having	an	affair.	

	

OR	

	

2. PARANOID	LENS:	The	woman	in	Lee’s	bed	is	Lee’s	girlfriend,	Rose.	If	

Rose	is	in	Lee’s	bed,	then	Arthur	is	paranoid	that	Joanie	is	cheating	on	

him.	

	

Again,	your	goal	is	to	use	neurofeedback	to	decide	which	lens	is	the	correct	

interpretation.	The	neurofeedback	score	will	reflect	how	clearly	and	correctly	

your	brain	is	interpreting	the	story.	The	higher	your	score,	the	more	money	you	

will	earn!	

	

	

  

(a)

Task summary:	As	you	listen	to	the	story,	you	will	pass	through	recording	
stations	when	we	will	be	analyzing	your	brain.	Before	you	pass	through	each	
recording	station,	you	will	be	prompted	to	decide	on	an	interpretation	lens	

(cheating	or	paranoid)	for	that	station.	After	the	recording	station	ends,	you	will	
get	a	neurofeedback	score	based	on	your	brain	activity	during	the	recording	
station.	
	

As	the	story	plays,	you	will	see	the	following	screens:	

	

1. Listening	only:	Keep	listening	and	paying	close	attention	to	
the	story.		

	

	

	

	

	

2. Interpretation	probe:	Decide	on	an	interpretation,	(cheating	
or	paranoid),	for	the	upcoming	recording	station.	This	means	
you	will	continue	listening	to	the	story	through	this	lens	as	
you	pass	through	the	next	station.	Press	your	index	or	middle	

finger	to	choose	one.	(The	keypress	order	may	be	flipped	from	

what’s	on	the	left.)	

	

3. Recording	station:	The	rectangle	will	turn	red	for	recording.	
This	means	that	we	will	be	providing	you	with	neurofeedback	

based	on	your	brain	activity	from	this	time	period.	Adopt	your	

chosen	interpretation	as	strongly	as	possible	as	you	continue	

to	listen	to	the	story.	Remember,	you	should	be	listening	to	
the	story	through	your	chosen	lens	as	if	it	were	the	correct	
and	only	interpretation	of	the	story.	

	

4. Neurofeedback:	You	will	receive	a	score	based	on	your	brain	
activity	during	the	previous	recording	station.	Higher	scores	

indicate	that	you’re	clearly	interpreting	the	story	correctly.	

Lower	scores	can	indicate	either	(1)	noisy	brain	signals	(like	if	

you	weren’t	super	focused	on	the	story)	and/or	(2)	incorrect	

interpretations.	If	you	score	above	the	center	line,	you	will	see	

a	green	bar	denoting	your	score	with	a	monetary	reward	at	

the	bottom.	If	you	score	below	the	center	line,	you	will	see	a	

grey	bar	with	$0.	The	largest	reward	possible	is	$1.	

	

INDEX	

	

CHEATING	
	

	

MIDDLE	

	

PARANOID	

	

	

$0.83	

(b)

										1		 							2	 		 	 	 3	 						DELAY	 							4	

Putting	everything	together,	the	stations	will	look	something	like	this:	

	

	

You’ll	encounter	multiple	recording	stations	each	time	as	you	listen	to	the	story.	

Thus,	you’ll	have	the	opportunity	to	continue	adjusting	your	interpretation	to	

maximize	your	reward.	

 
Here are some tips you can use to increase your reward: 
	

- Your	brain	signal	in	the	scanner	takes	about	6	s	to	be	detected	due	to	the	

physics	of	MRI.	As	shown	above,	we	will	give	you	feedback	about	6	
seconds	after	the	station	ends	based	on	your	brain	activity	from	the	
previous	station	only.	

- Science	is	never	perfect,	so	your	scores	may	be	noisy	and	not	always	100%	

accurate.	Thus,	just	because	you	get	a	high	score	or	low	score	for	a	

particular	station,	do	not	assume	that	you’re	definitely	correct	or	
definitely	incorrect	and	stop	using	neurofeedback.	Keep	using	each	score	
as	a	clue	in	your	hunt	to	figure	out	the	correct	interpretation.	

- We	will	give	you	a	reward	after	each	run.	We	will	calculate	the	average	

bonus	per	run	by	averaging	your	reward	per	station	(from	$0	-	$1.00)	and	

multiplying	that	by	5.	You	will	listen	to	the	story	4	times,	so	you	can	earn	up	

to	$5	in	each	run,	or	an	extra	$20	total	today.	
- Even	if	you	think	that	the	story	has	directly	revealed	which	interpretation	is	

correct,	characters	might	be	lying.	Your	job	is	to	try	to	interpret	the	story	
according	to	what	the	neurofeedback	is	telling	you,	not	to	try	to	figure	
out	which	interpretation	was	intended	by	the	author.	

- Even	though	this	task	has	multiple	parts,	ultimately	please	listen	to	the	

story	the	whole	time	and	try	your	best.		

	 	

time	

INDEX	

	

CHEATING	

	

	

MIDDLE	

	

PARANOID	

	

	

$0.83	

(c)

Lastly, to make your time worthwhile, we need to ensure 
good quality data. Please keep these pointers in mind: 
	

- It	is	really	important	that	you	get	comfortable	beforehand	so	that	you	will	

be	able	to	stay	focused.	Make	sure	before	we	start	that	you	have	gone	to	

the	bathroom	and	gotten	comfortable	in	the	scanner.		

- Take	rests	between	each	run	if	you	feel	yourself	getting	sleepy	or	losing	

focus.		

- Because	we’re	doing	real-time	neurofeedback,	it	is	extra	important	that	

you	try	your	best	to	avoid	moving	any	part	of	your	body,	but	especially	
your	head,	as	much	as	possible.	We	try	to	correct	for	motion	afterwards,	

but	the	neurofeedback	needs	good	data	in	the	scanner	too!	To	do	this,	

make	sure	you’re	not	crossing	your	arms	or	legs	and	again	get	comfortable	

beforehand.	

- The	ear	buds	can	be	finicky	and	may	cut	out	if	you	move	your	head	or	jam	

the	foam	in	too	far	into	your	ear.	So	please	let	me	know	asap	if	you	can’t	

hear	well	and	try	not	to	move	particularly	when	the	audio	is	playing!	

	

To summarize, stay focused and keep listening 
throughout the story to succeed on your mission! J  
	

	
	
Do you have any questions? If so, please 
ask!!!  
	

	

(d)

Figure B.5: Instrucঞons that span pages 1-4 shown in a, b, c, d, respecঞvely.
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