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Abstract 

Individuals with anxiety and depression display negative biases in their interpretation of emotional 

information. Neurocognitive models posit that these biases are causally related to the onset and 

maintenance of symptoms. This reasoning has led to the development of several cognitive bias 

modification techniques as a potential treatment for emotional disorders. However, to date, these 

interventions have had limited success. This may in part be due to previous research being hindered 

by small sample sizes and the use of methods which prevent causal inference.  

 

This thesis has two overarching aims: to investigate the role that emotion recognition biases play in 

anxiety and depression, and to evaluate emotional bias training as an intervention for anxiety and 

depression. During my PhD, I used a range of observational, experimental, and genetic methods to 

strengthen causal inference. First, I conducted a cohort study using data from the Avon Longitudinal 

Study of Parents and Children. Second, I conducted genetic analyses in the same sample, applying 

Mendelian randomisation to investigate causal pathways. Third, I investigated whether interpretation 

biases are present in the appraisal of more complex social stimuli in an online cross-sectional study. 

Finally, I present the results of two randomised controlled trials of emotional bias training in two 

populations: a general population sample and a sample of individuals currently taking antidepressants.  

 

Overall, I found evidence that both anxiety and depressive symptoms are associated with negative 

interpretation biases in the appraisal of social stimuli. There was particularly strong evidence for a 

relationship between depressive symptoms and a bias towards recognising sad facial expressions. 

Evidence for this relationship being causal was inconsistent, as emotional bias training targeting biases 

towards sadness had little impact on mood outcomes. However, there was some evidence that 

emotional bias training may be beneficial for specific subpopulations. Future research should adopt a 

transdiagnostic approach, to identify how subtle changes in bias relate to symptoms of emotional 

disorder.   
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Chapter 1: General Introduction 

 

In everyday life we are persistently required to interpret and respond to ambiguous social information. 

For example, we may wonder whether a friend’s apology is heartfelt or half-hearted, or whether a 

colleague’s neutral expression is boredom or concentration. Our ability to resolve such ambiguity is 

fundamental to our emotional and interpersonal functioning (Keltner & Kring, 1998), and its disruption 

can have significant consequences for our mental health. In particular, biased processing of social 

information has been implicated in the onset and maintenance of a range of mental health conditions, 

including anxiety and depression (Amir et al., 2005; Bourke et al., 2010; Dalili et al., 2015). 

Understanding the nature and extent of these biases may allow for the development of targeted 

interventions and prevent further functional decline.  

 

This thesis has two broad aims: 1) to investigate the role that emotion recognition biases play in anxiety 

and depression, and 2) to evaluate emotional bias training as an intervention for anxiety and depression. 

In this introductory chapter, I outline the motivation for this work, discuss the research conducted to 

date, highlight current gaps in the literature, and state the specific aims of each research chapter. To 

contextualise my research, I will begin by summarising both anxiety and depression, as well as their 

current treatment strategies.   

 

1.1 Anxiety  

Anxiety refers to a range of psychological and physiological responses to a perceived or anticipated 

threat (Gutiérrez-García & Contreras, 2013). These responses are often adaptive, alerting us to threat 

and motivating us to prepare a reaction. However, if an individual’s anxiety becomes excessive, and 

they experience significant distress and/or impairment, they may meet criteria for an anxiety disorder.  

 

The Diagnostic and Statistical Manual of Mental Disorders (fitfh edition; DSM-5; American Psychiatric 

Association, 2013) describes eleven anxiety disorders: separation anxiety, selective mutism, social 

phobia, specific phobia, panic disorder, agoraphobia (i.e. fear of public, open or crowded spaces), 

generalized anxiety disorder, substance-induced anxiety disorder, anxiety due to another medical 

condition, other specified anxiety disorder, and unspecified anxiety disorder. Anxiety disorders are the 
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most prevalent group of mental disorders, with an estimated 7.3% of individuals meeting criteria  

globally (Baxter et al., 2013). The mean age of onset for all anxiety disorders has been estimated at 

21.3 years (Lijster et al., 2017). However, this varies significantly between disorders. For example, 

specific phobia, separation anxiety and social phobia are often present prior to the age of 15 years. 

 

The symptoms of anxiety appear to exist on a continuum in the general population (Löwe et al., 2008a). 

When assessing anxiety in the general population, a distinction is commonly made between state and 

trait anxiety (Spielberger et al., 1983). State anxiety refers to a transitory emotional state in response 

to a stressor (i.e., how anxious the individual is feeling in the current moment), whereas trait anxiety 

refers to an individual’s general predisposition towards experiencing state anxiety in response to 

stressors. Accordingly, state and trait anxiety tend to be highly correlated, and high trait anxiety is 

strongly associated with an anxiety disorder diagnosis (Kennedy et al., 2001). Anxiety disorders are 

often comorbid with a range of other mental health conditions, including depression (Pollack, 2005). A 

previous investigation found little difference in the state and trait anxiety scores of individuals with an 

anxiety disorder, mixed anxiety and depression, or a depression diagnosis (Kennedy et al., 2001). 

 

1.2 Depression 

Depression is a leading cause of disability worldwide and is estimated to affect more than 300 million 

people (World Health Organization, 2017). The DSM-5 (American Psychiatric Association, 2013) 

describes the ‘core’ symptoms of depression (or a major depressive episode) as: 1) feeling down, 

depressed or hopeless and 2) little interest or pleasure in doing things (i.e., anhedonia). Secondary 

symptoms include a range of cognitve and affective changes: psychomotor agitation or retardation, 

fatigue or loss of energy, changes in appetitie, difficulty thinking or concentrating, feelings of 

worthlessness or guilt, changes in sleeping pattern, and recurrent suicidal ideation and/or intent. 

Patients meet diagnostic criteria if they report suffering from at least five symptoms, for most of the 

time, within the past two-weeks, with at least one of the five being a core symptom. The symptoms must 

be causing significant impairment or distress, and should not be attributable to substance use or another 

medical condition.  
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The World Health Organization estimates global prevalance of major depression to be 4.4%, and it 

appears to be more common in females (5.5%) than males (3.6%; World Health Organization, 2015). 

Individuals can develop depression at any age; however, there is a significiant increase from 

adolesence, and earlier (adolescent) onset is associated with more negative outcomes than adult-onset 

depression (Wilson et al., 2015). Like anxiety disorders, depressive symptoms appear to exist on a 

continuum in the population (Hankin et al., 2005). In this thesis, anxiety and depression are collectively 

referred to as emotional disorders.  

 

1.3 Current Treatments for Anxiety and Depression 

In the UK, emotional disorders are predominantly treated with medication and talking therapies. 

Approximately 80% of patients with depression in primary care are prescribed antidepressants, with 

20% of patients being referred to further specialist services (Kendrick, 2021). In 2019, the NHS was 

estimated to have spent £126.7 million on antidepressants alone—a figure that nearly doubled in 2020, 

to £223.1 million, amid the COVID-19 pandemic (Rabeea et al., 2021).  

 

In terms of pharmacological treatment, patients with an emotional disorder will most commonly be 

prescribed either a selective serotonin reuptake inhibitor (SSRI) or sertonin-norepinephrine reuptake 

inhibtor (SNRI) (Pollack, 2005). Meta-analyses of antidepressant medications support that, overall, they 

are more efficacious than placebo (Cipriani et al., 2018). However, half of patients will not respond to 

their first prescribed medication (Rush, 2007), and it can take several weeks of treatment before the 

patient’s clinical response is apparent (NICE, 2009). If patients do not improve, then a second 

medication may be prescribed. This approach can result in patient waiting several months before they 

experience any clinical benefit. Meanwhile, irrespective of clinical benefit, patients may be experiencing 

adverse side effects from the medication. Common reported side effects of SSRIs include insomnia, 

nausea, and sexual dysfunction (Jakobsen et al., 2017). 

 

Cognitive behavioural therapy (CBT) is commonly offered alongside medication and as a standalone 

treatment for emotional disorders (Newby et al., 2015). CBT aims to inform the patient how their 

cognitions, behaviours, and emotions intersect, how to identify maladaptive thoughts, and develop new 

behaviours (Fordham et al., 2018). A course of CBT typically lasts between 5 and 20 sessions, and 

randomised controlled trials of CBT suggest that it is moderately effective in comparison to a waitlist 
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control (Erickson et al., 2007). However, in the UK, the NHS is currently under-resourced to cope with 

the demand for mental health services. Waiting lists for talking therapy are long (averaging over nine 

months), and private treatment is expensive (CEP Mental Health Policy Group, 2006). Much like 

antidepressants, patients may experience a worsening of symptoms before they receive appropriate 

treatment.   

 

In short, while there are viable treatments available for anxiety and depression, there are also significant 

barriers to receiving care. It should be stressed that this brief discussion has focussed on research 

conducted in the UK, a high-income country. Access to therapies in low- and middle- income countries 

is substantially poorer, with an estimated 76% and 85% of individuals receiving no treatment for their 

mental disorder (Bockting et al., 2016). There is an urgent need to address this treatment gap with 

interventions that can be delivered rapidly and remotely. This is a primary motivation for the research 

conducted in this thesis. 

 

1.4 Cognitive Biases in Anxiety and Depression 

To develop effective treatments, research is currently being directed towards identifying modifiable risk 

factors of emotional disorders. One potential intervention target is how individuals with emotional 

disorders process ambiguous emotional and/or social information (Hirsch et al., 2016). Cognitive biases 

in emotional processing have been implicated in both depression (Bourke, Douglas & Porter, 2010) and 

anxiety (Gotlib & Joormann, 2010), with afflicted individuals showing distortions in how they attend to, 

interpret, and recall information.  

 

Researchers have commonly examined cognitive biases by recording participants’ responses to 

ambiguous written (e.g., vignettes), visual (e.g., emotional facial expressions) or auditory (e.g., 

acoustically-blended words) stimuli, that serve as a proxy for a social encounter (Schoth & Liossi, 2017). 

In a recent review of biases in depression, Everaert (2017) highlights that these methods can be divided 

in to two broad categories: direct methods and indirect methods. Direct methods include any tasks that 

explicitly asks participants to give their interpretation of a stimulus, such as through describing their 

emotional response or ranking the likelihood of different interpretations. In contrast, indirect methods 

do not require the participant to evaluate their interpretation, and instead rely on methods such as 
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response time or blink reflex. Evidence from a range of paradigms is presented here, however, a more 

detailed discussion of emotion recognition biases (i.e., the appraisal of emotional facial expressions, 

specifically) can be found in section 1.5.1.  

 

Broadly speaking, these methods have supported the presence of negative biases in both anxiety and 

depression, with some suggesting that there is a particularly strong evidence for an association with 

anxiety (Gotlib & Joormann, 2010). Much of the research has focussed on anxiety being more sensitive 

to ‘threat’ (Hayes & Hirsch, 2007). For example, anxious individuals have been found to interpret neutral 

faces as aggressive (Attwood et al., 2017) and ambiguous sentences as threatening rather than benign 

(Hayes & Hirsch, 2007). They are also more likely to interpret (or “hear”) homophones as the more 

threatening meaning (e.g., ‘slay’ and ‘sleigh’; Mathews et al., 1989). Some studies report patterns of 

biases within specific anxiety disorders. For example, individuals scoring high on social anxiety appear 

to hold negative interpretations of social events (J. K. Wilson & Rapee, 2005), while individuals suffering 

from panic disorder report negatively biased interpretations of their own bodily sensations (Clark et al., 

1997). However, such comparisons are difficult to formally evaluate as many studies tend to measure 

one anxiety disorder in isolation. This is equally true for comparing biases between anxiety and 

depression, which again tend to be studied in isolation—despite their high diagnostic comorbidity 

(Pollack, 2005). 

 

Individuals with depression have also been found to interpret ambiguous stimuli in a negative light 

(Everaert et al., 2017). For example, dysphoric individuals will rate the outcomes of ambiguous 

scenarios more negatively than healthier participants (Berna et al., 2011). However, an area that has 

received additional attention in the depression literature is the role of “self-relevant” information. 

Depression-related cognitive biases are thought to be activated by information that has direct 

consequence for the self (such as when being evaluated, or when referring to the individuals’ 

experience; Wisco & Nolen-Hoeksema, 2010). For example, depressed individuals have shown better 

recall of negative self-relevant words than positive or negative other-relevant words (Dozois & Dobson, 

2001). Similar studies in anxiety have found little evidence for this effect (e.g., Mogg & Mathews, 1990), 

however, overall, this area is understudied. It is currently unclear the extent to which individuals with 
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anxiety and depression hold negative biases when interpreting stimuli that holds little relevance to the 

self. 

 

1.4.1 Cognitive Biases: Causal Factor or Biomarker? 

While there is a strong evidence base for cognitive biases in emotional disorders, the nature of the 

relationship is less clear. Cognitive models of emotional disorders posit that negative processing biases 

are central to the onset and maintenance of the disorders (Gotlib & Joormann, 2010; Hirsch & Mathews, 

2012). These models propose that cognitive biases produce a negative feedback cycle, with negative 

interpretations leading to lower mood and maladaptive behavioural responses, which may in turn 

produce genuine negative social feedback. If so, this would suggest that cognitive biases are a potential 

target for intervention (Penton-Voak et al., 2017). While this theory is intuitive, an alternative explanation 

may be that cognitive biases are simply a symptom of emotional disorders. If so, cognitive biases may 

have clinical utility as a biomarker—identifying vulnerable individuals who could benefit from early 

intervention.  

 

Difficulties in establishing causality arise due to much of the previous research being cross-sectional, 

making it impossible to determine cause and effect. However, there is some prospective research 

suggesting that biases do indeed precede a deterioration in mood, which offers some support for a 

causal link. One such study found that young women with negative interpretation biases were more 

likely to have developed panic disorder when tested 17 months later (Woud et al., 2014). Similarly, 

there is some evidence that aberrant emotional processing predicts depressive symptoms (Rude et al., 

2002; Vrijen et al., 2016). Other research suggests interpretation biases are present in individuals who 

are in remission (LeMoult et al., 2009; Ruhe et al., 2019) and those at heightened risk of developing 

emotional disorders (Leppänen, 2006). For example, daughters of depressed mothers have been found 

to interpret both ambiguous words and ambiguous stories more negatively than daughters of never-

depressed mothers (Dearing & Gotlib, 2009). 

 

Particularly compelling evidence for a causal relationship comes from studies of antidepressant action, 

which suggest that successful SSRI treatment is associated with a “correction” in processing bias 

(Harmer et al., 2017), with changes in emotional processing occurring very early in the treatment course 
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(Outhred et al., 2014). Importantly, some studies have found that these early changes in emotional bias 

are predictive of symptom remittance at a later timepoint (Godlewska et al., 2016; Harmer et al., 2009). 

This has led to the proposal that antidepressants may produce clinical improvement by alleviating 

cognitive biases, allowing the patient to have more positive experiences and creating a virtuous cycle 

(Pringle et al., 2011). This model offers an explanation for one of the poorly-understood aspects of 

antidepressant treatment—the delay between initiating treatment and the onset of clinical effect, which 

is often several weeks. While changes in emotional processing may occur early, the patient needs time 

to interact with their social environment, apply their new ‘bias’ and learn more positive associations. 

This, in time, is what leads to improvements in symptoms and cognitive functioning (Pringle et al., 2011; 

Warren et al., 2015).  

 

However, predictive does not mean causal. Observed associations may instead be explained by 

residual confounding or reverse causation. The “gold-standard” of evidence for evaluating a causal 

effect is through randomised controlled trials (RCT). Experimentally manipulating cognitive biases 

allows researchers to evaluate their effects on mood and other functional outcomes, with a lower risk 

of bias than purely observational methods. One aim of this thesis is to apply methods of causal inference 

to assess pathways between cognitive biases and emotional disorders. This includes RCTs (see 

Chapter 5), as well as a novel genetic method, Mendelian randomisation (see Chapter 3 for a 

description).  

 

1.4.2 Cognitive Bias Modification Paradigms 

Many researchers have begun developing behavioural, rather than pharmacological, techniques to alter 

an individuals’ processing of ambiguous information (Cristea et al., 2015; E. A. Holmes et al., 2009; 

Penton-Voak et al., 2017). These techniques, collectively referred to as cognitive bias modification 

(CBM), aim to remedy negative processing biases, or even induce a positivity bias. In this sense, CBM 

delivers a proposed “active ingredient” of current pharmacological treatments, without putting the 

patient at risk of adverse side effects. CBM also presents the opportunity to conduct RCTs to evaluate 

the role of cognitive biases.  
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There are two main types of CBM: CBM targeting attentional processes (CBM-A) and CBM targeting 

negative interpretations (CBM-I; Beard, 2011). The former has been mostly investigated in relation to 

anxiety disorders, given the large body of evidence suggesting that anxiety is associated with 

heightened sensitivity to threat (Mcnally et al., 1999). Popular CBM-A paradigms include the dot-probe 

task, which trains participants to allocate their attention towards benign stimuli rather than threatening 

stimuli (Beard, 2011). In contrast, CBM-I trains participants to make more positive interpretations of a 

single stimulus, such as a description of an ambiguous scenario (Mathews & Mackintosh, 2000). This 

is often achieved either through repeated exposure to more positive content, or via explicit feedback 

(Blackwell & Holmes, 2017; Lau & Pile, 2015).  

 

Recent reviews of CBM have found that both CBM-I and CBM-A are successful in inducing changes to 

the targeted bias, with moderate to large effect sizes (Jones & Sharpe, 2017). There is some evidence 

that CBM-I is more successful than CBM-A (Hallion & Ruscio, 2011), with one study finding that the 

effects of CBM-A attenuate at follow-up (Mogoaşe et al., 2014). Other meta-analyses have suggested 

there is little difference in the efficacy of CBM-I and CBM-A (Cristea et al., 2015), at least in terms of 

altering the cognitive target.  

 

There have also been some positive findings in terms of changes in symptoms. The evidence appears 

to be particularly strong for changes in anxiety symptoms (Jones & Sharpe, 2017), rather than 

depressive symptoms, which is perhaps due to the suspected stronger association between anxiety 

and cognitive biases (Gotlib & Joormann, 2010). However, the majority of studies underlying these 

reviews have investigated CBM-A (Jones & Sharpe, 2017). Initial studies of CBM-I for depressive 

symptoms found positive, albeit modest, results (e.g., Blackwell & Holmes, 2010), suggesting CBM-I is 

worthy of further investigation. One such CBM-I paradigm, and the focus of this thesis, focusses on the 

interpretation of ambiguous facial expressions. 

 

1.5 Emotion Recognition 

The accurate perception of emotional facial expressions is fundamental to the success and regulation 

of our social relationships (Ekman, 1999). Basic research into emotion recognition has identified six 

emotional expressions: joy, anger, sadness, surprise, fear, and disgust (Ekman, 1999), which we use 
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to infer the underlying affective states and intentions of others. Our ability to do so has important 

consequences for our physical and mental health from a young age. These consequences may be 

immediate—for example, infants will use their mother’s facial expression to guide their behaviour in the 

visual cliff paradigm (Sorce et al., 1985)—or over a long period. For example, children with poorer 

emotion recognition skills were found to have developed more internalising behaviours (i.e., negative 

thoughts and behaviours directed to oneself) when tested several years later (Castro et al., 2017).   

 

Our emotion perception appears to be categorical (Leppänen & Nelson, 2006), meaning we tend to 

classify emotional expressions as one specific emotion over another, despite emotional expressions 

existing on a spectrum with various intermediate displays. This has been studied using morph 

sequences of emotional expressions (i.e., a continuum of faces, ranging from one exemplar emotion to 

another; Young et al., 1997), which show that participants have clear, and abrupt, boundaries between 

emotional categories. This tendency may be adaptive, as it allows us to rapidly identify an emotion and 

guide our behaviour accordingly (Leppänen & Nelson, 2006).  

 

Not all emotional expressions are recognised equally. We initially appear to have a bias towards 

recognising positivity. The categorical representation of happy facial expressions is thought to be 

established in very young infants (estimated to be present at 5-7 months of age; (Leppänen & Nelson, 

2006), yet the discrimination between negative emotions, such as anger and sadness, is not fully 

developed until later childhood (De Gelder et al., 2015). Even in adulthood, we are quicker to categorise 

happy facial expressions and have a lower threshold to recognise it (Leppänen & Hietanen, 2004). 

Leppänen and Nelson (2006) theorised that this may be due to our increased exposure to positive 

emotions in our social lives. By the same token, there is evidence that our “profile” of emotion 

recognition is malleable, depending on our social experiences. For example, Pollak and colleagues 

(2009) found that children who had been physically abused by their caregivers (and, therefore, likely to 

have been exposed to more aggression) were quicker to recognise angry facial expressions and 

required fewer cues to do so. This demonstrates that an individuals’ emotion recognition can be uneven 

across different emotions, and importantly, is subject to change via learning mechanisms (Pollak et al., 

2009). This presents an opportunity to deliberately alter an individuals’ emotion recognition through 

training, which will be discussed in section 1.5.2.  
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1.5.1 Emotion Recognition in Anxiety and Depression 

Anxiety- and depression- related cognitive biases are also present in facial emotion recognition. Given 

the high frequency that we encounter emotional facial expressions, biases in this domain may be 

particularly pertinent to the poorer psychosocial functioning reported in emotional disorders (Santini et 

al., 2015) and, therefore, a particularly salient target for intervention.   

 

In the case of depression, vulnerable individuals appear to hold mood-congruent biases in their 

categorisation of emotional expressions. Specifically, previous research suggests they tend to identify 

sadness in ambiguous facial expressions (Beevers et al., 2009; Everaert et al., 2013). A unique 

association with sadness recognition is supported by a recent meta-analysis of 22 studies (Dalili et al., 

2015). This found that dysphoric individuals display poorer recognition of all emotions other than 

sadness, where recognition was otherwise unaffected. There was no evidence that this was affected 

by medication status, despite the proposed action of antidepressants on emotion recognition (Warren 

et al., 2015). However, effect estimates were small, and there was evidence of publication bias in the 

underlying studies. When this was accounted for, effect sizes attenuated. Furthermore, many of the 

underlying studies only included a subset of emotions, namely sadness and happiness, which may 

have inflated effect sizes further. The authors concluded that many of the underlying studies were 

underpowered, and larger studies are needed to study this association. In particular, larger studies are 

required to clarify whether depressed individuals show a bias towards sadness or whether they simply 

have poorer recognition of the remaining emotions (as this meta-analysis suggests). While this is a 

subtle distinction, it may have important implications for intervention development.  

 

The evidence for emotion recognition biases in anxiety is less consistent. Some studies have found 

support for anxiety-congruent biases. For example, Surcinelli and colleagues (2006), reported that 

individuals high in trait anxiety were more likely to recognise fear, while the recognition of other emotions 

remained intact. In contrast, A study of panic disorder found that patients had poorer overall accuracy 

and were more likely to misattribute non-angry faces as angry (Kessler et al., 2007). However, 

depressive symptoms were a stronger predictor than panic symptoms, to the extent that differences 

attenuated when controlling for depression. A meta-analysis of studies examining emotion recognition 

impairments in both anxiety and depression concluded that both were associated with global recognition 
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impairments, but the effect size was stronger for depression (Demenescu et al., 2010a). This highlights 

the importance of studying both anxiety and depression simultaneously, to establish the specificity of 

cognitive biases and help direct interventions. Unfortunately, this meta-analysis was unable to examine 

the recognition accuracy of, or biases towards, specific emotions.  

 

While the exact pattern of emotion recognition biases in anxiety and depression is still under 

investigation, overall, there is strong evidence that cognitive biases are indeed present. If this 

association is found to be causal, individuals affected by anxiety and depression may benefit from any 

intervention (pharmacological or behavioural) that encourages more positive interpretations of facial 

stimuli. One potential intervention is emotion recognition training.  

 

1.5.2 Emotion Recognition Training 

There are currently two main applications of emotion recognition training: first, as an intervention to 

improve emotion recognition accuracy, and second, as an intervention to remediate emotion recognition 

biases. The former is more commonly delivered to populations who are suspected to be suffering from 

global emotion recognition impairment, such as individuals with traumatic brain injury (Neumann et al., 

2015) or autism spectrum disorders (Berggren et al., 2018), who may face a wide range of difficulties 

in their psychosocial functioning. This thesis focusses on the latter application, emotion recognition 

training to alleviate negative emotional biases, which is more commonly being evaluated as a 

therapeutic for individuals with emotional disorders (Penton-Voak et al., 2017). It will be referred to as 

Emotional Bias Training (EBT), for clarity.  

 

The specific EBT task I will be evaluating in this thesis was developed to induce a positivity bias in the 

interpretation of ambiguous facial expressions (Penton-Voak et al., 2012). Participants are trained to 

categorise ambiguous emotional expressions as a specific positive emotion (e.g., happiness) over a 

specific negative emotion (e.g., sadness). The aim is to enable individuals to have more positive 

experiences of their wider social interactions, leading to an improvement in mood. In short, this is 

achieved by asking participants to categorise a continuum of ambiguous faces, ranging from very 

positive (e.g., happy) to very negative (e.g., sad), in order to determine their emotional ‘balance point’. 

The balance point refers to the face in the continuum where they participant perceives a switch between 
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‘happy’ and ‘sad’. Participants are then trained, through feedback, to categorise two more of the 

ambiguous faces as happy (i.e., trained to a higher balance point). The ‘sham’ version of EBT (created 

for the purpose of RCTs) provides feedback directly in line with the participant’s balance point and, 

therefore, no training is administered. 

 

Figure 1.1. Schematic of emotional bias training (EBT). 
 

 

EBT aims to induce a positivity bias by training participants to categorise more ambiguous faces as 

“happy” rather than “sad”. Prior to training, participants are assessed to determine their “balance 

point”. This is the point in the continuum where they see a switch from “happy” to “sad”. Training 

encourages participants to interpret 2 additional faces (from their balance point) as “happy”.  

 

Most commonly, this task has been used to modify biases on a happy-sad continuum of faces, as 

sadness recognition has been highlighted as a potential target in previous studies of depression (Dalili 

et al., 2015). However, it is readily modifiable to target other emotional biases. For example, EBT has 

previously been trialled as a treatment for social anxiety, challenging biases towards recognising 

disgust, and conduct disorder, challenging biases towards recognising anger. These trials will be 

discussed in section 1.5.3.  

 

At present, the stimulus set consists of European male composite faces, produced by averaging original 

photographs of multiple individuals from the University of Bristol community (primarily students; Dalili 
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et al., 2017). These composite faces were used as endpoints of a linear morph sequence, producing 

15 faces at equal increments. Composite faces, in contrast to images of specific individuals, represent 

a more prototypical display of any given emotion and, therefore, should be more readily generalisable 

to novel faces. Previous work has also suggested that individuals code emotions with reference to a 

prototype (Skinner & Benton, 2010). An initial investigation of the generalisability of this task suggested 

that training effects transfer to novel stimulus sets of different identities (such as European female faces; 

Dalili et al., 2017). This is promising, as it suggests that training effects have the potential to transfer to 

wider social interactions. However, importantly, there are limited transfer effects to other emotions (e.g., 

training effects from being trained on angry faces does not transfer to sad faces). This observation 

highlights the importance of specificity when targeting emotional biases to treat a particular mental 

health condition.  

 

1.5.3 Previous Trials of EBT                                                                                                                                      

Multiple studies of EBT have been conducted to date, in a range of populations, including individuals 

with depressive symptoms (Penton-Voak et al., 2012), social anxiety (Rawdon et al., 2018), conduct 

disorder (Penton-Voak et al., 2013), and healthy participants (Peters et al., 2017). These trials have 

consistently demonstrated EBT’s effectiveness in inducing a long-lasting positivity bias in the 

interpretation of facial expressions (i.e., when tested at two-week follow-up). The “original” EBT format 

consisted of four training sessions completed over consecutive days in a laboratory setting (Penton-

Voak et al., 2012), while more recent trials have used more relaxed training schedules (such as 

completing the sessions remotely, within a 1-week period; Peters et al., 2017). All trials have reported 

similar training effects in terms of changes in emotional balance point, irrespective of the exact training 

schedule. 

 

Evidence for EBT producing changes in mood and functional outcomes (i.e., transfer effects) has been 

less consistent. An early trial in a sample of dysphoric undergraduate students, who were trained to 

perceive happy over sad facial expressions, found some evidence for an increase in positive affect and 

a small change in levels of depressive symptoms (Penton-Voak et al., 2012). An investigation of EBT 

as a treatment for adolescents with conduct disorder, which trained participants away from recognising 

anger, reported lower levels of state anger post-training, and exhibited fewer aggressive behaviours 
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(Penton-Voak et al., 2013). However, when evaluated as a treatment for adolescents with social 

anxiety, which trained participants away from recognising disgust, there was no effect on the primary 

outcomes of self-reported social anxiety or fear of negative evaluation (Rawdon et al., 2018). There 

was some evidence for small improvements in the secondary outcome of depressive symptoms, which 

strengthened at two-week follow-up. More recently, Peters and colleagues investigated 6 sessions of 

happy-sad EBT in healthy participants (Peters et al., 2017). Here there was some weak evidence that 

participants experienced a reduction in the impact of daily stressors. However, there was no evidence 

for any effects on levels of depression and anxiety—which arguably, may be expected in an already 

healthy population.  

 

Evidence from neuroimaging studies also provides some support, suggesting EBT alters emotional 

processing by increasing neural activation in response to happy facial expressions (Penton-Voak et al., 

2020). After five sessions of EBT, participants showed increased activity in the medial prefrontal cortex 

and bilateral amygdala when viewing a novel set of happy faces. As discussed previously, these brain 

areas are implicated in emotion regulation and mood disorders (Disner et al., 2011), and related 

changes in activity are identified during SSRI treatment. For example, depressed individuals in their 

first week of SSRI treatment have a reduction in neural activity in the amygdala when viewing fearful 

(versus happy) faces (Godlewska et al., 2012, 2016), and these changes preceded the remittance of 

symptoms. While the exact neural mechanism of EBT requires further investigation, it is promising that 

it appears to target similar pathways to current pharmacological treatments for emotional disorders.  

 

Overall, these previous trials suggest positive effects of EBT, with changes in symptoms consistently in 

the direction of improvement. Nonetheless, effects have not consistently replicated across studies and, 

when present, are very modest. It is currently unclear whether this limited clinical benefit is an indicator 

that EBT requires further development, or that there is simply not a strong causal relationship between 

emotion recognition and mental health. However, it is important to note that these previous trials have 

had limited sample sizes (ranging from n = 46 to 104). While this has provided sufficient power to detect 

the training effect on emotional balance point, it is insufficient to detect more modest transfer effects. 

Given the ease of administering EBT, and the real need to develop accessible treatments for emotional 
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disorders, even small effects are worth pursuing as they may be meaningful on a population level 

(Peters et al., 2017). 

 

1.6 Current Gaps in the Literature 

As the literature currently stands, there appears to be a consensus that emotional disorders are 

associated with alterations in emotion recognition. However, the exact profile of these alterations, and 

their relationship with symptoms of emotional disorders remains unclear. Additionally, while EBT 

appears to be successful in modifying emotion recognition biases, it is not currently an effective 

treatment for emotional disorders. It is unclear whether this limited clinical benefit is due only to an 

unrefined intervention, or to a lack of causal relationship between emotion recognition and disorder. In 

response to this, Rawdon and colleagues (2018) proposed:  

 

“It may be advisable for future emotion recognition training research to retreat back toward 

more exploratory investigations; in order to advance understanding of the relationship between 

the targeted processing biases and their associated psychological outcomes” (pp. 266) 

 

Therefore, first and foremost, while not a gap in the literature per se, there is a need to re-evaluate the 

role of emotional biases in anxiety and depression. This presents the opportunity to improve on existing 

studies in several ways. Specifically, there is a need for studies that are well-powered, that investigate 

recognition of broader range of emotions, and include both anxiety and depression measures within the 

same study. Second, there is need to explore whether these emotion recognition biases are present in 

more complex social scenes. As discussed in section 1.4, most interpretation biases paradigms rely on 

participants responding to a single stimulus (such as an adjective, or emotional facial expression). While 

this allows for high experimental control, it lacks ecological validity. Arguably, these biases must be 

present when interpreting more complex stimuli before they can be considered a potential target for 

intervention. Third, and perhaps most importantly, the association between emotion recognition biases 

and emotional disorders should be re-assessed for causality. While some RCTs have been conducted 

to date, these have been underpowered to detect more modest transfer effects. There is also a novel 

genetic method for assessing causal pathways, Mendelian randomisation, which is yet to be applied to 

this question. Finally, given the weak positive results found in trials so far, EBT may have potential as 
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an adjunct therapy. In particular, EBT may be beneficial to patients currently undergoing 

pharmacological treatments, which are proposed to be targeting the same mechanism (Pringle et al., 

2011; Warren et al., 2015). However, no study to date has investigated the effectiveness of EBT when 

delivered alongside existing pharmacological treatments, such as SSRIs.  

 

1.7 Thesis Overview 

1.7.1 Methodology 

This research in this thesis is interdisciplinary, using methods from psychology, epidemiology, and 

genetics. Specifically, I use cross-sectional observational methods to explore the relationship between 

anxiety and depression and the interpretation of emotional faces (Chapter 2) and more complex social 

scenes (Chapter 4). I then apply genetic methods, namely genome-wide association studies and 

Mendelian randomisation, to explore causal pathways between anxiety and depression and emotion 

recognition (Chapter 3). In the final research chapter (Chapter 5), I describe two online RCTs that 

investigate the effectiveness of EBT in two populations: healthy participants and participants currently 

taking SSRIs. Different methods each have their own sources of bias. Triangulating findings from a 

range of methods reduces bias and strengthens causal inference (Lawlor et al., 2017). I also aim to 

protect against an additional source of bias—myself—by making open science practices central to my 

research. Where possible, I preregister study protocols on the Open Science Framework (osf.io) and 

make study datasets and analysis scripts open access. I highlight any deviations from study protocols 

in the respective chapters’ method section.  

 

1.7.2 Statistical Inference and Model Reporting 

I endeavour to follow best practice with regards to reporting of statistics throughout my thesis. Where 

applicable, I conduct a priori power calculations to ensure that each study has a minimum of 80% power 

to detect the anticipated effect (Perugini et al., 2018). When reporting results, I avoid using the term 

“significant” as this threshold can be considered somewhat arbitrary, and may lead to false conclusions 

(Amrhein et al., 2019). Instead, I aim to transparently report effect estimates, confidence intervals, and 

exact p-values. I interpret p-values as the strength of evidence against the null hypothesis (Sterne & 

Smith, 2001), and use terms such as “weak” and “strong” evidence to reflect this. 
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1.7.3 Thesis Aims 

The overarching aim of this thesis is to investigate the role of interpretation bias in anxiety and 

depression. Specifically, I will explore whether emotional processing biases are a target for intervention. 

I will aim to examine the following questions, each of which I will revisit in the General Discussion 

(Chapter 6): 

1. Are anxiety and depression associated with emotional processing biases in the interpretation 

of emotional facial expressions? (Chapters 2 and 5) 

2. Is there evidence for a causal relationship between emotional processing, anxiety, and 

depression? (Chapters 3 and 5) 

3. Are anxiety and depression associated with emotional processing biases in the appraisal of 

more complex social scenes? (Chapter 4) 

4. What are the effects of emotional bias training on mood and functional outcomes in a large 

general population sample? (Chapter 5) 

5. What are the effects of emotional bias training on mood and functional outcomes amongst 

individuals who are already taking SSRIs to treat low mood? (Chapter 5) 
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Chapter 2: Observational associations of anxiety and depression with emotion recognition in 

the ALSPAC cohort 

 

This chapter closely resembles sections from the following pre-prints:  

 

Suddell, S., Mahedy, L., Skirrow, C., Penton-Voak, I. S., Munafò, M. R., & Wootton, R. E. (2021).  

 Cognitive functioning in anxiety and depression: Results from the ALSPAC cohort. medRxiv. 

doi: 10.1101/2021.08.25.21262634 

 

Skirrow, C., Suddell, S., Mahedy, L., Penton-Voak, I. S., Munafò, M. R., & Wootton, R. E. (2021). 

Psychosis-like experiences and cognition in young adults: an observational and Mendelian 

randomisation study. medRxiv. doi: 10.1101/2021.05.06.21256771 

 

The research reported in this chapter was conducted as part of a wider project investigating 

associations between cognition, substance use, and mental health in a birth cohort study. I led the 

branch of work investigating associations between anxiety, depression, and cognition. I collaborated 

with CS on data extraction and preparation. LM conducted the multiple imputation. I planned and 

conducted all anxiety and depression analyses. I then produced the first draft of the anxiety and 

depression manuscript. All co-authors contributed to subsequent edits of the manuscript.  

 

2.1 Chapter Overview 

In this chapter I present the results of a cohort study investigating the strength of the association 

between emotion recognition and anxiety and depression.  As discussed in Chapter 1, while several 

previous studies have attempted to address this question, they have often suffered from low power and 

findings are inconsistent (Dalili et al., 2015). Additionally, Cognitive Bias Modification (CBM) paradigms 

targeting emotional biases have had limited success (Cristea et al., 2015). Arguably, the success of 

any mental health intervention targeting emotional processing relies on a strong causal association 

between emotional processing and the mental health outcomes, Therefore, I sought to establish the 

association between these by using data from a large prospective birth cohort study, the Avon 

Longitudinal Study of Parents and Children (ALSPAC).  
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2.2 Introduction 

Anxiety and depression are leading causes of disability worldwide (World Health Organization, 2017). 

The conditions are highly comorbid (Essau et al., 2018), with over 50% of individuals with depression 

also having an anxiety disorder (Hirschfeld, 2001). Onset is common in adolescence and young 

adulthood, with earlier onset being associated with more severe symptom trajectories (Le Roux et al., 

2005; Park et al., 2014). In addition to the core symptoms of low mood and psychological distress, these 

conditions are often associated with altered emotion recognition that appears to persist even in remitted 

patients (Biyik et al., 2015). Clarifying the nature and magnitude of this association may allow for the 

development of targeted interventions, assuming the association is causal.  

 

However, as discussed in Chapter 1, much of this research has been conducted in relatively small-

scale psychological studies with heterogenous designs, leading to inconsistent findings (e.g., Gollan et 

al., 2010; Zwick & Wolkenstein, 2017). Meta-analyses synthesising this work have found evidence for 

moderate deficits in global emotion recognition accuracy, both amongst individuals with depression and 

anxiety disorders (Dalili et al., 2015; Demenescu et al., 2010b; Plana et al., 2014). A review of social 

cognition in adults with anxiety disorders found a large deficit in emotion recognition amongst individuals 

with post-traumatic stress disorder, obsessive compulsive disorder, generalized anxiety disorder and 

social phobia (Plana et al., 2014). The latest meta-analysis of emotion recognition accuracy in 

depression also reported a deficit, and importantly, was able to stratify the analysis by six specific 

emotions (anger, sadness, disgust, fear, happiness, and surprise; Dalili et al., 2015). Depression was 

found to be associated with deficits in the recognition of all emotions other than sadness. Furthermore, 

the authors found no evidence that this was affected by current medication status, despite previous 

reports suggesting antidepressant medication may affect emotional processing (Harmer et al., 2017). 

Overall, these studies provide good support that emotion recognition may be impaired in anxiety and 

depression, and subsequently, a potential target for intervention.  

 

While meta-analyses are essential for synthesising large and diverse bodies of work, they can be 

vulnerable to biases. As noted by de Nooij and colleagues (2020), meta-analyses of mental health and 

cognition may overinflate effect sizes due to the included studies relying on narrow sampling procedures 

not reflective of the general population. Many of the underlying studies rely on case-control designs, 
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which may be prone to selection biases if the participant groups are selected from different populations 

(Schulz & Grimes, 2002). Furthermore, publication bias may lead to only studies reporting ‘favourable’ 

results being published and subsequently meta-analysed. Dalili and colleagues (2015) found evidence 

for this in their meta-analysis of depression and emotion recognition, in the form of small study bias 

(i.e., effect estimates were greater in smaller studies, consistent with publication bias). When the 

authors adjusted for this, the moderate effect size for a global emotion recognition deficit attenuated. 

These limitations highlight the need for larger population-based studies, which allow for well-powered 

comparisons within a single population, to evaluate the generalisability of findings from smaller 

psychological studies.  

 

ALSPAC is a large prospective birth cohort that presents an ideal opportunity to study the relationship 

between emotion recognition and mood disorders in adolescence and young adulthood. There are 

several benefits to using this resource. Firstly, the longitudinal nature of the study allows the inclusion 

of key lifestyle factors from critical periods of development, which are not commonly available in smaller 

cross-sectional work (such as maternal factors during pregnancy, that may affect cognition). Secondly, 

due to multiple measurement points, it is possible to evaluate both cross-sectional and prospective 

associations of emotion recognition and mood disorders. Thirdly, the participant cohort is now in their 

late 20s, meaning recent data collections were conducted during a developmental period where many 

cognitive functions reach maturity (Hartshorne & Germine, 2015) and mood disorders often emerge (Le 

Roux et al., 2005; Park et al., 2014).  

 

In the present study, I examined the association between anxiety and depression and the recognition 

of six emotions in young adulthood: happy, sadness, fear, anger, disgust, and surprise. I aimed to (i) 

establish the cross-sectional association between anxiety and depression and emotion recognition at 

age 24, (ii) conduct prospective analyses to explore the distal relationship between anxiety and 

depression at age 18 and emotion recognition at age 24. Finally, I explored the effect of concurrent 

psychotropic medication use on emotion recognition accuracy amongst individuals with depression and 

anxiety.  
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2.3 Methods 

2.3.1 Participants 

ALSPAC is a large prospective cohort which recruited pregnant women residing in the former county of 

Avon, UK, who were due to give birth between 1 April 1991 to 31 December 1992 (Boyd et al., 2013; 

Fraser et al., 2013). An initial 14,541 pregnancies were enrolled, leading to 14,062 live births and 13,988 

children being alive at 1 year. When the eldest children were aged 7 years, there was an attempt to 

bolster the sample by reinviting eligible cases who had failed to join the study originally. This resulted 

in additional 913 children being enrolled. Data was collected at regular intervals via postal 

questionnaires and in-clinic assessments. In this study, I used a subset of the sample that attended the 

‘Focus@24’ clinic (which occurred when participants were around 24 years of age) and participated in 

the cognitive assessment session (n = 3,854), which included tests of emotion recognition, response 

inhibition, and working memory abilities. A flow chart of study participation is shown in Figure 2.1. 

Please note that the study website contains details of all the data that is available through a fully 

searchable data dictionary and variable search tool (www.bristol.ac.uk/alspac).  

 

Ethics approval for the study was obtained from the ALSPAC Ethics and Law Committee and the Local 

Research Ethics Committees. Written informed consent was obtained for the use of data collected via 

questionnaires and clinics from parents and participants following recommendations of the ALSPAC 

Ethics and Law Committee at the time. Consent for biological samples has been collected in accordance 

with the Human Tissue Act (2004). More details on ethics committees/institutional review boards are 

provided here:  http://www.bristol.ac.uk/alspac/researchers/research-ethics/. 
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Figure 2.1. Flow chart of ALSPAC study sample size 
  

 
 

 

2.3.2 Measures 

A timeline of variables used in the study can be seen in Figure 2.2. Study data were collected and 

managed using REDCap electronic data capture tools hosted at the University of Bristol (Harris et al., 

2009). REDCap (Research Electronic Data Capture) is a secure, web-based software platform 

designed to support data capture for research studies. 

 

2.3.2.1 Anxiety and depression. Anxiety and depression were assessed using the Revised Clinical 

Interview Schedule (CIS-R; Lewis et al., 1992) at both age 18 and 24. The CIS-R is a self-administered 

computerized questionnaire which assesses a range of neurotic symptoms to derive suggested primary 

and secondary diagnoses based on ICD-10 criteria for depression and anxiety disorders. I derived two 

binary variables (presence/absence of disorder) for anxiety and depression. The anxiety variable 

captured all individuals with a primary or secondary diagnosis of generalized anxiety disorder, social 
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phobia, agoraphobia, panic, and non-specific neurotic disorders. The depression variable captured all 

individuals with a primary or secondary diagnosis of mild, moderate, or severe depression. 

 

2.3.2.2 Emotion recognition task. Participants who attended the Focus@24 Clinic completed a 

computerised emotion recognition task (ERT), delivered on E-Prime Professional, V2.0 (2012). This 

assessed accuracy in the recognition of facial displays of six emotions: happiness, sadness, anger, 

disgust, fear, and surprise. Participants were presented with a series of facial expressions and asked 

to indicate which emotion had been displayed in a six alternative forced choice design. Each image was 

displayed for 200ms and was immediately followed by a backwards mask of visual noise (250ms) to 

prevent processing of afterimages. Descriptors of the six emotions were then displayed until the 

participant made a choice, via mouse click. The stimulus set consisted of both male and female 

European faces, with 8 levels of intensity per emotion, ranging from a near-neutral expression to a 

prototypical display (details of how stimuli were created are reported by Attwood and colleagues; 

Attwood et al., 2017). Each individual stimulus was presented twice, resulting in a total of 96 trials. The 

primary outcome measure of the ERT was total hits (the number of correctly identified facial 

expressions), out of 96. Secondary outcomes were the number of hits and number of false alarms (i.e., 

the number of times an emotion is chosen incorrectly) for each emotion category. Hits and false alarms 

per emotion were out of 16 and 80, respectively, with higher scores indexing better emotion recognition. 

 

2.3.2.3 Potential confounders. I adjusted for a range of sociodemographic variables previously found 

to be associated with mental health and cognitive outcomes. These included participant sex, highest 

parental social class (4 levels, categorised using the 1991 Office of Population Census and Statistics 

Classification (Dale et al., 1993): unskilled or semi-skilled manual, skilled manual or non-manual, 

managerial and technical, and professional), mother’s highest education level (determined during 

pregnancy and coded as below O-level, O-level, above O-level), housing tenure (owned/mortgaged vs. 

other), maternal tobacco use during pregnancy (present/absent), mother’s age at birth, and child 

ethnicity (coded as non-white/white). Confounders relating to cognition included IQ and head injury. IQ 

was assessed with the Wechsler Abbreviated Scale of Intelligence (vocabulary and matrix reasoning 

tests; Wechsler, 1999) at age 15, which was the nearest available timepoint to the exposure. Head 
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injury was defined as a cracked skull or loss of consciousness at any timepoint up to age 16 (coded as 

present/absent), collected via parent- or self- report. 

 

2.3.2.4 Psychotropic medication use. Most participants who attended the Focus@24 clinic also 

provided information regarding their current medication use (n = 3618, 94% of clinic attendees). Given 

previous evidence that psychotropic medications (namely SSRIs) may affect emotion recognition 

(Harmer et al., 2017), I sought to quantify how many participants were currently taking psychotropic 

medication. Participants inputted their current medications via free-text entry, alongside a brief 

description of the reason for use. I coded this data into a binary variable (0/1), indicating whether 

participants were taking any psychotropic medication. Participants were categorised as taking 

psychotropic medication if they reported use of selective serotonin re-uptake inhibitors, selective 

serotonin and norepinephrine re-uptake inhibitors, noradrenergic and specific serotonergic 

antidepressant, tricyclic antidepressants, antipsychotic medication, or benzodiazepine medications. 

Due to the wide range of psychotropic medication (and therefore, small cell counts) it was not possible 

to investigate effects of specific types. A full list of text entries included in this variable (including 

misspelled entries) can be found in Appendix A. 
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Figure 2.2. A timeline of ALSPAC variables used in cross-sectional and prospective analyses.  
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2.3.3 Statistical Analyses 

I used linear regression to examine the association between anxiety and depression and the primary 

outcome measure: ERT total hits. I then conducted a second (multivariable) model to examine the 

association between anxiety and depression and hit rates by individual emotion on the ERT (hit scores 

for happy, sad, angry, disgust, fear and surprise entered as outcomes in one model). I conducted a final 

(multivariable) model to examine the association between anxiety and depression and false alarms 

rates by individual emotion on the ERT. All models were conducted both cross-sectionally (exposure: 

anxiety and depression at 24 years) and prospectively (exposure: anxiety and depression at 18 years). 

 

Anxiety and depression were initially entered as exposures in separate models. Each model was then 

adjusted for (i) sociodemographic variables (sex, ethnicity, parental occupation, mother’s education, 

housing tenure, mother’s age at birth and mother’s tobacco use in pregnancy); (ii) additionally, history 

of head injury and IQ at age 15; and (iii) concurrent anxiety or depression at that timepoint (i.e., such 

that depression analysis was adjusted for concurrent anxiety and vice versa), to determine if there was 

a unique effect of either mental health exposure. Therefore, the final model at each timepoint was the 

same for both anxiety and depression. I assessed the variance inflation factor (VIF) for the exposures 

in the full model, which indicated a low presence of multicollinearity between the exposures (all VIFs < 

2.5; Johnston et al., 2018). 

 

Finally, I explored the effect of psychotropic medication on emotion recognition accuracy within the 

depression and anxiety case groups only. I conducted linear regressions with binary use of psychotropic 

medication use as the exposure and hits on the ERT (both total, and by emotion) as the outcome 

variable. Due to small sample sizes (leading to small cell counts for many of the variables), and to 

prevent restricting the sample further, I chose to only adjust for participant sex.  These analyses were 

only completed cross-sectionally, to explore the effect of medication use at the time of completing the 

ERT.  

 

For all models, I report unstandardized beta and 95% confidence intervals.  
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2.3.3.1 Missing data. I initially conducted complete case analyses, only using participants with data 

for all exposures, outcomes, and confounders (cross-sectional n = 2,187; prospective n = 1,855). I kept 

this sample consistent across all levels of adjustment, to ensure that any changes in effect estimates 

were due to the addition of confounding variables, rather than due to changes in the dataset. However, 

missing data can still lead to biased estimates and a loss of statistical power in complete case analyses 

(Sterne et al., 2009). This was addressed using multiple imputation. A comparison of the 

sociodemographic characteristics of available participants (i.e., complete cases) versus unavailable 

participants (i.e., missing) can be seen in Appendix B. 

 

LM conducted multiple imputation using the ‘ice’ package in STATA (StataCorp, 2017). He included a 

range of auxiliary variables, in addition to all exposure and confounder variables, to predict missing data 

and impute 100 datasets. Exposure and confounder data was imputed for all participants who had 

completed the cognitive assessments at the Focus@24 clinic (n = 3,087). I then repeated the statistical 

analyses as described in Section 2.3.3. In this chapter, I present the multiply imputed analyses as the 

primary results. Complete cases results are presented in Appendix C to Appendix E. 

 

2.4 Results 

2.4.1 Participant characteristics 

A description of the study sample, for both the cross-sectional and prospective analyses, can be seen 

in Table 2.1. Most participants were female (60-61%) and of white ethnicity (97%). At age 18, 7.2% of 

the complete cases met ICD-10 criteria for a primary or secondary diagnosis of depression, and 8.5% 

met the criteria for a primary or secondary diagnosis of an anxiety disorder; 3.8% of the sample met 

criteria for both. At age 24, 9.5% of complete cases met criteria for depression and 12.0% met criteria 

for an anxiety disorder. 6.2% met criteria for both anxiety and depression. Of the 1847 participants that 

had CIS-R data available at both age 18 and age 24, 5.2% had depression at age 18, but had remitted 

by age 24; 7.3% had depression at age 24, but not age 18 and 2.1% had depression at both timepoints. 

For anxiety, 5.6% of participants had anxiety at age 18, but had remitted by age 24; 9.3% had 

depression at age 24, but not age 18 and 2.9% had anxiety at both timepoints.  
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Table 2.1. Description of study sample by case/control status for prospective and cross-sectional analyses (complete case) 
 
     Depression Anxiety 
Analysis Variable All (%) Case (%) Control (%) Case (%) Control (%) 
Prospective n 1855 136 1719 160 1695 

 Female 1130 (61) 102 (75) 1028 (60) 118 (74) 1012 (60) 

 Ethnicity (white) 1794 (97) 133 (98) 1661 (97) 156 (98) 1638 (97) 

 Parent's social class (unskilled) 235 (13) 19 (14) 216 (13) 27 (17) 208 (12) 

    ii. skilled manual/non-manual 937 (51) 68 (50) 869 (51) 77 (48) 860 (51) 

    iii. managerial/technical 573 (31) 40 (29) 533 (31) 44 (28) 529 (31) 

    iv. professional 110 (6) 9 (7) 101 (6) 12 (8) 98 (6) 

 Housing tenure (owned) 1664 (90) 113 (83) 1551 (90) 134 (84) 1530 (90) 

 Head injury: 0-16 years (yes) 162 (9) 11 (8) 151 (9) 19 (12) 143 (8) 

 Mean IQ at 15 years (SD) 98.4 (12.5) 97.8 (11.9) 98.5 (12.5) 98.0 (12.5) 98.5 (12.5) 

  Mean ERT total hits at 24 years (SD) 67 (7.6) 68.2 (6.1) 66.9 (7.6) 68.1 (7.2) 66.9 (7.6) 

Cross-sectional n 2187 208 1979 262 1925 

 Female 1322 (60) 140 (67) 1182 (60) 192 (73) 1130 (59) 

 Ethnicity (white) 2117 (97) 199 (96) 1918 (97) 254 (97) 1863 (97) 

 
Parent's social class (unskilled) 283 (13) 33 (16) 250 (13) 31 (12) 252 (13) 

 
   ii. skilled manual/non-manual 1093 (50) 101 (49) 992 (50) 137 (52) 956 (50) 

 
   iii. managerial/technical 685 (31) 58 (28) 627 (32) 74 (28) 611 (32) 

 
   iv. professional 126 (6) 16 (8) 110 (6) 20 (8) 106 (6) 

 
Housing tenure (owned) 1955 (89) 174 (84) 1781 (90) 216 (82) 1739 (90) 

 
Head injury: 0-16 years (yes) 192 (9) 23 (11) 169 (9) 34 (13) 158 (8) 

 
Mean IQ at 15 years (SD) 97.9 (12.6) 100.0 (12.7) 97.9 (12.5) 99.4 (12.6) 97.7 (12.5) 

  Mean ERT total hits at 24 years (SD) 66.9 (7.6) 67.3 (7.7) 66.8 (7.6) 67.4 (7.3) 66.8 (7.6) 

 
Note. ERT: Emotion Recognition Task.  
Anxiety and depression cases overlap by n = 70 at age 18, and n = 136 at age 24. 
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2.4.2 Association with ERT total hits 

As shown in Table 2.2, there was no clear evidence that either anxiety or depression status was 

associated with global emotion recognition accuracy (i.e., total hits), in both the cross-sectional and 

prospective analyses. Effect estimates were consistently positive across all levels of adjustment. 

 

Table 2.2. Cross-sectional and prospective associations between mental health and emotion 
recognition total hits (imputed dataset) 
 
    Depression Anxiety 

Analysis Model b [95% CI] p b [95% CI] p 

Cross-sectional 
  

Unadjusted 0.19 [-0.69, 1.08] .673 0.48 [-0.32, 1.28] .240 

Model 1 0.21 [-0.67, 1.08] .642 0.38 [-0.41, 1.18] .342 

Model 2 0.25 [-0.61, 1.11] .575 0.14 [-0.64, 0.91] .342 

Model 3 0.23 [-0.78, 1.25] .654 0.02 [-0.89, 0.94] .962 

Prospective  Unadjusted 1.03 [-0.08, 2.14] .069 0.88 [-0.13, 1.89] .088 

Model 1 0.91 [-0.19, 2.01] .106 0.83 [-0.17, 1.83] .105 

Model 2 0.97 [-0.10, 2.04] .075 0.82 [-0.17, 1.80] .105 

Model 3 0.73 [-0.48, 1.95] .237 0.52 [-0.61, 1.65] .367 

 
Note. n = 3,087 in 100 multiply imputed datasets. Model 1: Adjusted for participant sex, ethnicity, 
housing tenure, parent’s highest social class, mother’s age at birth, mother’s tobacco use in pregnancy, 
mother’s highest education level; Model 2: additionally adjusted for IQ at age 15 and head injury by age 
16; Model 3: additionally adjusted for concurrent anxiety or depression at time of exposure. 
 

2.4.3 Cross-sectional associations with specific emotions  

In terms of emotion-specific hits, at age 24, there was strong and consistent evidence that depression 

was associated with an increased recognition of sadness (Table 2.3). There was also some evidence 

that both anxiety and depression status were associated with poorer recognition of happy faces. 

However, in the final model, containing both anxiety and depression variables, this effect was stronger 

for anxiety. There was also some initial evidence that anxiety was associated with increased recognition 

of disgust, but this attenuated with adjustment.  There was no clear evidence for associations of either 

anxiety or depression with the recognition of anger, fear, or surprise. 
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Table 2.3. Cross-sectional associations with emotion-specific hit rate on the Emotion Recognition Task (imputed dataset) 
 

 
Note. n = 3,087 in 100 multiply imputed datasets. Model 1: Adjusted for participant sex, ethnicity, housing tenure, parent’s highest social class, mother’s age at 
birth, mother’s tobacco use in pregnancy, mother’s highest education level; Model 2: additionally adjusted for IQ at age 15 and head injury by age 16; Model 3: 
additionally adjusted for concurrent anxiety or depression at time of exposure (age 24). 
  

    Unadjusted Model 1 Model 2 Model 3 
 

Exposure b [95% CI] p b [95% CI] p b [95% CI] p b [95% CI] p 

Happy Depression -0.19 [-0.43, 0.06] .135 -0.27 [-0.51, -0.02] .034 -0.27 [-0.51, -0.02] .035 -0.11 [-0.40, 0.19] .478 

  Anxiety -0.22 [-0.45, 0.00] .049 -0.32 [-0.54, -0.09] .005 -0.32 [-0.55, -0.10] .005 -0.27 [-0.54, -0.01] .045 

Sad Depression 0.35 [0.11, 0.60] .005 0.38 [0.14, 0.63] .002 0.39 [0.15, 0.63] .002 0.35 [0.07, 0.64] .016 

  Anxiety 0.28 [0.06, 0.50] .014 0.29 [0.07, 0.51] .010 0.23 [0.01, 0.45] .039 0.06 [-0.20, 0.32] .655 

Anger Depression -0.07 [-0.36, 0.21] .625 -0.06 [-0.34, 0.23] .690 -0.05 [-0.33, 0.24] .751 -0.08 [-0.41, 0.26] .656 

  Anxiety 0.07 [-0.19, 0.33] .588 0.08 [-0.18, 0.33] .568 0.01 [-0.24, 0.27] .914 0.05 [-0.25, 0.35] .741 

Disgust Depression 0.03 [-0.23, 0.29] .816 0.03 [-0.23, 0.29] .843 0.03 [-0.23, 0.29] .820 -0.09 [-0.39, 0.22] .581 

  Anxiety 0.21 [-0.02, 0.45] .075 0.19 [-0.04, 0.43] .109 0.16 [-0.08, 0.39] .194 0.20 [-0.08, 0.48] .164 

Surprise Depression -0.14 [-0.31, 0.04] .117 -0.13 [-0.31, 0.04] .144 -0.13 [-0.30, 0.05] .155 -0.12 [-0.33, 0.08] .243 

  Anxiety -0.06 [-0.22, 0.09] .425 -0.06 [-0.22, 0.10] .453 -0.07 [-0.23, 0.09] .416 -0.01 [-0.19, 0.18] .951 

Fear Depression 0.21 [-0.19, 0.60] .305 0.26 [-0.14, 0.65] .202 0.27 [-0.12, 0.66] .179 0.27 [-0.19, 0.73] .248 

  Anxiety 0.21 [-0.15, 0.56] .256 0.20 [-0.15, 0.56] .260 0.12 [-0.23, 0.48] .492 -0.01 [-0.42, 0.41] .970 
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Table 2.4. Cross-sectional associations with emotion-specific false alarm rate on the Emotion Recognition Task (imputed dataset) 
 
    Unadjusted Model 1 Model 2 Model 3 
 

Exposure b [95% CI] p b [95% CI] p b [95% CI] p b [95% CI] p 

Happy Depression -0.33 [-0.87, 0.21] .228 -0.37 [-0.91, 0.18] .186 -0.37 [-0.92, 0.17] .179 -0.41 [-1.06, 0.23] .209 

  Anxiety -0.13 [-0.61, 0.36] .615 -0.17 [-0.66, 0.32] .494 -0.13 [-0.62, 0.36] .598 0.07 [-0.51, 0.65] .819 

Sad Depression 0.59 [0.19, 0.99] .004 0.67 [0.27, 1.08] .001 0.67 [0.26, 1.07] .001 0.61 [0.13, 1.09] .012 

  Anxiety 0.36 [0.00, 0.72] .052 0.43 [0.07, 0.80] .020 0.39 [0.02, 0.76] .037 0.09 [-0.34, 0.53] .674 

Anger Depression 0.05 [-0.20, 0.29] .716 0.05 [-0.20, 0.30] .706 0.05 [-0.20, 0.30] .713 0.19 [-0.11, 0.48] .211 

  Anxiety -0.17 [-0.40, 0.05] .130 -0.16 [-0.39, 0.07] .164 -0.15 [-0.37, 0.08] .198 -0.24 [-0.51, 0.03] .079 

Disgust Depression -0.03 [-0.41, 0.36] .892 -0.06 [-0.44, 0.33] .775 -0.07 [-0.45, 0.32] .738 -0.02 [-0.48, 0.43] .915 

  Anxiety -0.14 [-0.48, 0.21] .438 -0.15 [-0.50, 0.20] .401 -0.08 [-0.43, 0.27] .649 -0.07 [-0.48, 0.34] .743 

Surprise Depression -0.26 [-0.71, 0.18] .248 -0.29 [-0.74, 0.16] .210 -0.29 [-0.74, 0.15] .197 -0.31 [-0.84, 0.22] .252 

  Anxiety -0.24 [-0.65, 0.16] .243 -0.20 [-0.60, 0.21] .342 -0.12 [-0.53, 0.28] .547 0.03 [-0.45, 0.50] .916 

Fear Depression -0.23 [-0.69, 0.24] .334 -0.24 [-0.71, 0.23] .310 -0.25 [-0.71, 0.22] .297 -0.30 [-0.85, 0.25] .284 

  Anxiety -0.18 [-0.60, 0.24] .397 -0.16 [-0.58, 0.26] .465 -0.06 [-0.47, 0.36] .794 0.09 [-0.41, 0.58] .723 

 
Note. n = 3,087 in 100 multiply imputed datasets. Model 1: Adjusted for participant sex, ethnicity, housing tenure, parent’s highest social class, mother’s age at 
birth, mother’s tobacco use in pregnancy, mother’s highest education level; Model 2: additionally adjusted for IQ at age 15 and head injury by age 16; Model 3: 
additionally adjusted for concurrent anxiety or depression at time of exposure (age 24). 
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In the analysis of false alarms (Table 2.4), there was evidence for both anxiety and depression having 

a cross-sectional association with an increase in misclassifying other emotions as sad. This effect was 

stronger for depression. There was also some weak evidence that anxiety was associated with fewer 

misclassifications of other emotions as anger. There was no evidence for associations with any of the 

remaining emotions. 

 

2.4.4 Prospective associations with specific emotions 

There was some evidence that depression and anxiety at age 18 were associated with specific emotion 

recognition at age 24. In terms of hit rate (Table 2.5), both anxiety and depression had a positive 

association with the recognition of fearful faces. These associations were consistent until the final 

model, including both anxiety and depression. Anxiety at age 18 was also found to have a consistent, 

positive association with the recognition of disgusted faces at age 24. There was no clear evidence for 

associations with the recognition of any other emotions. There was also no clear evidence for any 

prospective associations with emotion-specific false alarm rate (Table 2.6).
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Table 2.5. Prospective associations with emotion-specific hit rate on the Emotion Recognition Task (imputed dataset) 
 
    Unadjusted Model 1 Model 2 Model 3 
 

Exposure b [95% CI] p b [95% CI] p b [95% CI] p b [95% CI] p 

Happy Depression -0.08 [-0.39, 0.22] .597 -0.17 [-0.48, 0.13] .271 -0.17 [-0.48, 0.14] .274 -0.10 [-0.44, 0.24] .556 

  Anxiety -0.13 [-0.41, 0.16] .375 -0.19 [-0.48, 0.09] .186 -0.19 [-0.48, 0.09] .188 -0.15 [-0.47, 0.17] .351 

Sad Depression 0.14 [-0.17, 0.44] .384 0.14 [-0.17, 0.44] .385 0.15 [-0.15, 0.45] .328 0.19 [-0.14, 0.53] .258 

  Anxiety -0.01 [-0.30, 0.28] .938 -0.01 [-0.30, 0.28] .942 -0.02 [-0.30, 0.27] .909 -0.09 [-0.41, 0.22] .556 

Anger Depression 0.10 [-0.26, 0.45] .593 0.08 [-0.27, 0.43] .657 0.10 [-0.25, 0.44] .583 0.04 [-0.35, 0.43] .847 

  Anxiety 0.14 [-0.18, 0.47] .384 0.14 [-0.18, 0.47] .385 0.14 [-0.17, 0.46] .378 0.13 [-0.23, 0.49] .486 

Disgust Depression 0.35 [0.03, 0.67] .033 0.33 [0.00, 0.65] .047 0.34 [0.02, 0.66] .040 0.17 [-0.19, 0.53] .355 

  Anxiety 0.44 [0.14, 0.73] .004 0.43 [0.13, 0.73] .004 0.43 [0.13, 0.72] .005 0.36 [0.02, 0.69] .036 

Surprise Depression 0.08 [-0.13, 0.30] .434 0.09 [-0.13, 0.30] .432 0.09 [-0.12, 0.30] .417 0.10 [-0.13, 0.34] .394 

  Anxiety 0.00 [-0.21, 0.21] .993 0.01 [-0.20, 0.22] .948 0.01 [-0.20, 0.22] .932 -0.03 [-0.27, 0.20] .782 

Fear Depression 0.45 [-0.03, 0.92] .065 0.45 [-0.02, 0.93] .062 0.47 [0.00, 0.94] .049 0.33 [-0.21, 0.86] .227 

  Anxiety 0.44 [-0.01, 0.88] .053 0.45 [0.00, 0.89] .048 0.44 [0.00, 0.88] .048 0.31 [-0.19, 0.81] .227 

 
Note. n = 3,087 in 100 multiply imputed datasets. Model 1: Adjusted for participant sex, ethnicity, housing tenure, parent’s highest social class, mother’s age at 
birth, mother’s tobacco use in pregnancy, mother’s highest education level; Model 2: additionally adjusted for IQ at age 15 and head injury by age 16; Model 3: 
additionally adjusted for concurrent anxiety or depression at time of exposure (age 18). 
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Table 2.6. Prospective associations with emotion-specific false alarm rate on the Emotion Recognition Task (imputed dataset) 
 
    Unadjusted Model 1 Model 2 Model 3 
 

Exposure b [95% CI] p b [95% CI] p b [95% CI] p b [95% CI] p 

Happy Depression -0.35 [-1.01, 0.32] .309 -0.37 [-1.04, 0.30] .280 -0.38 [-1.05, 0.29] .267 -0.42 [-1.18, 0.33] .274 

  Anxiety -0.06 [-0.70, 0.58] .850 -0.08 [-0.72, 0.56] .804 -0.08 [-0.72, 0.56] .808 0.09 [-0.63, 0.81] .802 

Sad Depression -0.48 [-0.96, 0.01] .055 -0.41 [-0.90, 0.08] .101 -0.41 [-0.90, 0.08] .104 -0.39 [-0.94, 0.16] .162 

  Anxiety -0.21 [-0.67, 0.25] .367 -0.17 [-0.64, 0.29] .460 -0.19 [-0.65, 0.27] .420 -0.03 [-0.55, 0.49] .906 

Anger Depression 0.05 [-0.26, 0.35] .760 0.06 [-0.25, 0.37] .707 0.06 [-0.25, 0.37] .720 0.18 [-0.18, 0.53] .323 

  Anxiety -0.19 [-0.48, 0.09] .189 -0.19 [-0.49, 0.10] .188 -0.19 [-0.48, 0.10] .191 -0.27 [-0.60, 0.07] .118 

Disgust Depression 0.23 [-0.24, 0.71] .330 0.23 [-0.25, 0.70] .353 0.21 [-0.26, 0.68] .384 0.05 [-0.47, 0.57] .846 

  Anxiety 0.38 [-0.07, 0.82] .098 0.36 [-0.09, 0.81] .118 0.37 [-0.09, 0.82] .114 0.34 [-0.15, 0.84] .175 

Surprise Depression -0.38 [-0.92, 0.16] .167 -0.35 [-0.89, 0.20] .210 -0.36 [-0.91, 0.18] .187 -0.21 [-0.82, 0.41] .508 

  Anxiety -0.46 [-0.97, 0.05] .078 -0.43 [-0.94, 0.08] .101 -0.42 [-0.93, 0.09] .103 -0.34 [-0.92, 0.24] .253 

Fear Depression -0.12 [-0.70, 0.47] .698 -0.07 [-0.66, 0.51] .810 -0.09 [-0.67, 0.48] .754 0.06 [-0.59, 0.70] .866 

  Anxiety -0.34 [-0.86, 0.19] .212 -0.31 [-0.84, 0.22] .249 -0.30 [-0.82, 0.23] .265 -0.32 [-0.91, 0.27] .284 

 
Note. n = 3,087 in 100 multiply imputed datasets. Model 1: Adjusted for participant sex, ethnicity, housing tenure, parent’s highest social class, mother’s age at 
birth, mother’s tobacco use in pregnancy, mother’s highest education level; Model 2: additionally adjusted for IQ at age 15 and head injury by age 16; Model 3: 
additionally adjusted for concurrent anxiety or depression at time of exposure (age 18). 
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2.4.5 Effect of psychotropic medication use 

Of the 305 depression cases that completed the cognitive assessment session, 88 (29%) reported 

taking a psychotropic medication. Of the 393 anxiety cases, 98 (25%) reported taking a psychotropic 

medication. When analysing the depression and anxiety cases only, there was evidence for an effect 

of psychotropic medication use on emotion recognition accuracy (Table 2.7). In depression cases, 

psychotropic medication use was associated with a lower hit rate for happy faces and an increased 

false alarm rate for sad faces. The same pattern was found in the anxiety cases, as well as some 

evidence for an increased hit rate for sad faces. 

 

Table 2.7. Effect of psychotropic medication use on emotion recognition accuracy within anxiety 
and depression cases 
 
    Depression (n = 305) 

 
Anxiety (n = 393) 

    b [95% CI] p 
 

b [95% CI] p 

Total   -0.16 [-2.07, 1.75] .870 

 

-0.12 [-1.84, 1.59] .887 

Happy Hits -0.76 [-1.33, -0.20] .008 

 

-0.74 [-1.26, -0.22] .005 

  False alarms -0.57 [-1.70, 0.56] .322 

 

-0.67 [-1.73, 0.40] .218 

Sad Hits 0.36 [-0.16, 0.89] .172 

 

0.52 [0.04, 1.00] .033 

  False alarms 0.97 [0.03, 1.91] .043 

 

0.74 [-0.12, 1.60] .090 

Angry Hits -0.17 [-0.78, 0.44] .579 

 

-0.27 [-0.85, 0.31] .365 

  False alarms 0.09 [-0.41, 0.59] .716 

 

0.02 [-0.42, 0.45] .941 

Disgust Hits -0.08 [-0.64, 0.48] .769 

 

-0.06 [-0.55, 0.44] .816 

  False alarms -0.21 [-1.04, 0.62] .618 

 

-0.04 [-0.81, 0.73] .918 

Surprise Hits 0.07 [-0.33, 0.47] .730 

 

0.20 [-0.14, 0.55] .248 

  False alarms -0.31 [-1.21, 0.59] .500 

 

-0.10 [-0.92, 0.72] .811 

Fear Hits 0.43 [-0.40, 1.25] .310 

 

0.22 [-0.52, 0.95] .561 

  False alarms 0.21 [-0.76, 1.19] .669 

 

0.19 [-0.72, 1.09] .688 

 

Note. Adjusted for participant sex.  
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2.5 Discussion 

This study investigated the relationship of anxiety and depression with global and specific emotion 

recognition accuracy in a population sample of young adults. Cross-sectionally, I observed no clear 

evidence of association between depression or anxiety with global emotion recognition accuracy. 

However, when exploring the response to specific emotions, there was evidence that both anxiety and 

depression were associated with a more negative pattern of responding: anxiety was associated with a 

decreased accuracy in recognising happiness, and depression with an increased accuracy of 

recognising sadness. A more negative pattern of responding was also identified in the prospective 

analyses, with both anxiety and depression being associated with a superior recognition of disgust. This 

study is one of very few cohort studies with available emotion recognition and mental health data in 

young adulthood, a critical time point for the development of emotional disorders (Le Roux et al., 2005; 

Park et al., 2014). The results suggest that anxiety and depression are associated with alterations in 

emotion-specific emotional processing, but this not a general deficit in recognition accuracy.  

 

Emotion recognition ability has received attention as both a potential biomarker and causal mechanism 

in emotional disorders (Godlewska et al., 2012). Existing meta-analyses suggest small to moderate 

emotion recognition deficits in anxiety and depression (Dalili et al., 2015; Demenescu et al., 2010), 

while other studies report no overall differences between healthy controls and individuals with anxiety 

(Alvi et al., 2020; Bell et al., 2011) or depression (Bone et al., 2019). In the present study, I did not find 

evidence for poorer global emotion recognition in either anxiety or depression. In fact, although the 

evidence was weak, effect estimates were consistently positive. This trend remained consistent even 

when controlling for potential confounding variables such as participant IQ. This may in part be 

explained by evidence that individuals suffering from anxiety and depression display mood-congruent 

biases, in that they have a tendency to process information in line with their current mood state (Elliott 

et al., 2002). Given that four out of the six possible emotions tested in this study are arguably negative 

emotions (fear, anger, disgust, and sadness), it may be expected that individuals with a tendency 

towards processing them may score higher overall. However, many previous studies using the same 

six emotions in similar paradigms have still identified deficits (Dalili et al., 2015; Demenescu et al., 

2010b). It may be the case that previous estimates are inflated. As I outlined in the introduction, previous 

studies employing case-control designs may be selecting participants from different populations, 

resulting in larger effects. The present study, which identified cases and controls within a single large 
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population sample, suggests global emotion recognition accuracy (measured with this task) is not a 

marker of anxiety or depression state.  

 

There was cross-sectional evidence of emotional processing biases when analysing specific emotions. 

By studying hit rate and false alarm rates separately (rather than computing an unbiased hit rate), I was 

able to distinguish between recognition accuracy and bias. Superior recognition accuracy of any given 

emotion would be indicated by a higher hit rate, while bias towards a specific emotion is shown by both 

a higher hit rate and a higher false alarm rate (Attwood et al., 2017). There was strong evidence that 

both depression and anxiety were associated with a bias towards recognising sadness, with stronger 

evidence for the association with depression. In addition, anxiety was associated with poorer 

recognition of happiness. This corroborates a large body of previous research suggesting a unique 

relationship between depression and the recognition of sadness (Dalili et al., 2015; Mei et al., 2020), 

whereas anxiety has been more commonly associated with the recognition of anger (Mohlman et al., 

2007). The lack of association between anxiety and anger here may be due to this study not focussing 

on state anxiety, which has been proposed to mediate the relationship between general anxiety and 

emotional processing (Attwood et al., 2017). The present results suggest that any interventions 

targeting emotional processing in mood disorders should particularly target the recognition of sadness 

and happiness. In this study, depressed individuals misclassified 0.61 more faces as sad than controls. 

While further research is required to determine the generalisability of this finding to real interactions, a 

small but consistent bias could aggregate to large effects in an individuals’ social experience.  

 

A different pattern of association was observed in the prospective analysis. Here I found evidence for 

superior recognition of disgust faces in anxiety, and a superior recognition of fearful faces in both anxiety 

and depression. The lack of evidence for any differences in false alarm rates suggest that anxious and 

depressed participants were simply more accurate at recognising these emotions, rather than 

displaying a bias towards them. There was no evidence for associations with any other emotions. 

Broadly speaking, these findings are in line with research suggesting that individuals with emotional 

disorders are more sensitive to threat displays (Doty et al., 2013; Surguladze et al., 2010) and suggests 

that experiencing depression and anxiety may be associated with an increased sensitivity to negative 

emotions even several years later. However, it is unclear why this pattern was not consistent across 

the cross-sectional and prospective analyses. There was also no evidence of a processing bias towards 
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sadness, with a negative effect estimate for sad false alarms (whereas a bias would manifest as a 

higher false alarm rate). Tentatively, this supports previous research that suggests processing biases 

in emotion recognition are a marker of current mood state, rather than a stable depressive trait (Mei et 

al., 2020; Münkler et al., 2015). However, further research is required to investigate the time course of 

emotional biases and the relationship with disorder. This would require a much higher frequency of data 

points than was available in ALSPAC.  

 

Within anxiety and depression cases, I found evidence that psychotropic medication use was 

associated with an increase in negative bias. Both anxiety and depression were associated with an 

increased hit and false alarm rate for sadness, and a lower hit rate for happiness. This is at odds to the 

trend identified in a meta-analysis of emotion recognition in depression: previous studies that recruited 

medicated participants tended to report greater deficits in the recognition of sadness than studies only 

including unmedicated participants (Dalili et al., 2015). Due to this analysis being cross-sectional, it is 

not possible to determine whether the effect observed in this study is a causal effect of medication. 

Given that previous research has suggested that psychotropic medication is instead associated with 

changes towards more positive appraisals of emotional stimuli (e.g., Tranter et al., 2009), it may be that 

medication use in this study is serving as a proxy for symptom severity (i.e., medicated participants 

being more likely to suffer from severe depression and/or anxiety than unmedicated participants). This 

would be in line with some previous work suggesting that symptom severity was associated with 

emotion recognition patterns (Bone et al., 2019). However, it is important to emphasise that I derived 

the psychotropic medication variable used in this study from secondary data, that was not collected for 

this purpose. Reasons for psychotropic medication use were not consistently available, neither was the 

dosage or duration of their treatment. Some participants were taking several psychotropic medications 

concurrently, which this variable does not capture. Therefore, this analysis should be considered 

exploratory and hypothesis-generating. Further work is needed to ascertain the causal association 

between medication use and emotion recognition, as well as studying the associations with medication 

type and dosage.  

 

2.5.1 Limitations 

This study has several limitations. First, it is likely that the association between emotion recognition and 

mental health is bidirectional. Unfortunately, I was unable to conduct analyses in the direction of 
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cognition to mental health, due no follow-up mental health data being available. Analysing the 

association from emotion recognition to mental health outcomes would be particularly informative for 

the development of interventions, should aberrant emotion recognition be found to precede emotional 

disorder. Nonetheless, this work is an important first step in investigating predictors of emotion 

recognition in ALSPAC, which can be built upon as subsequent mental health data is collected. Second, 

attrition in ALSPAC is considerable, which can result in biased estimates (Sterne et al., 2009). However, 

I used multiple imputation to reduce this risk of bias and maximise the sample size. Third, while 

evidence suggests that anxiety and depression symptoms lie on a continuum (Hankin et al., 2005), this 

study was somewhat constrained by the variables available in ALSPAC. By relying on discrete 

variables, I was unable to assess the effect of symptom severity. CIS-R data was only available at 

certain time-points, meaning I could also not assess the relationship of emotion recognition and mental 

health at intermediate timepoints. Finally, this study has focussed on emotion recognition in young 

adulthood. This is arguably a critical period for the development of emotional disorders, but they do 

emerge across the life span (Le Roux et al., 2005). It is unclear whether emotion recognition is 

associated with depression or anxiety in later life. While cohort studies, particularly those including 

social cognitive assessments, are in short supply (Dunn et al., 2018) there are some with emotion 

recognition data in later life, such as the STRADL cohort (Stratifying Resilience and Depression 

Longitudinally – which uses the Scottish Family Health Survey; Habota et al., 2019). Comparing results 

across these cohort studies may shed light on the aetiology of depression at different ages.  

 

2.6 Chapter Summary 

In this chapter I found strong support for depression and, to a lesser extent, anxiety, being associated 

with a cross-sectional emotional bias towards sadness, in a large sample of young adults. This was 

more pronounced in individuals who were taking psychotropic medication, which may indicate a 

relationship between emotional bias and symptom severity. This study is one of the largest studies of 

emotion recognition to date, in an area where many studies are very underpowered (Dalili et al., 2015). 

However, due to the observational nature of this study, I was unable to determine causality, as even 

the prospective association may have arisen due to bias from residual confounding or reverse 

causation. Therefore, while negative emotional biases appear to be a characteristic of anxiety and 

depression, this study cannot determine if they are a target for intervention. In Chapter 3, I use genetic 

methods to explore causal pathways between emotion recognition and anxiety and depression. 
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Chapter 3: Genetic associations between anxiety, depression, and emotion recognition 

 

This chapter closely resembles sections from the following pre-print and journal article:  

 

Suddell, S., Mahedy, L., Skirrow, C., Penton-Voak, I. S., Munafò, M. R., & Wootton, R. E. (2021).  

 Cognitive functioning in anxiety and depression: Results from the ALSPAC cohort. medRxiv. 

doi: 10.1101/2021.08.25.21262634 

 

Mahedy, L., Suddell, S., Skirrow, C., Fernandes, G. S., Field, M., Heron, J., Hickman, M., & Wootton, 

R. E., & Munafò, M. R. (2020). Alcohol use and cognitive functioning in young adults: improving 

causal inference. Addiction, 116(2). doi: 10.1111/add.15100 

 

The research reported in this chapter was conducted as part of a wider project investigating 

associations between cognition, substance use, and mental health in ALSPAC. I handled the genetic 

data and conducted the genome wide association studies (GWAS) of cognition which underpinned all 

genetic analyses within the broader project. I wrote the methods and results for the GWAS, which were 

first reported in the supplementary material of Mahedy et al. (2021). I then used the GWAS results to 

conduct the genetic analyses described in this chapter. RW assisted with study design, preparation of 

analysis scripts and interpretation of results. I then produced the first draft of the anxiety and depression 

manuscript (containing both observational and genetic analyses). All co-authors contributed to 

subsequent edits of the manuscript. Summary statistics from the GWAS of global emotion recognition 

are available from the University of Bristol data repository, data.bris (doi: 

10.5523/bris.2774f89r0hf0a2t76atdeu753c). 

 

3.1 Introduction 

As highlighted in Chapters 1 and 2, a large body of research already exists exploring emotional biases 

in anxiety and depression. While attempting to quantify the nature of this relationship, much of this work 

has been conducted within relatively small-scale psychological studies, using either experimental or 

cross-sectional methods, and focusses on the influence of environmental factors such as medication 

use, cognitive load, and social exclusion (Bilderbeck et al., 2016; Kawamoto et al., 2015; MacNamara 
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& Proudfit, 2014). However, cognition, anxiety, and depression are also estimated to have moderate 

genetic heritability (Xu et al., 2015) and, due to advances in genome sequencing, genetic data is 

becoming increasingly available—including within large birth cohorts such as ALSPAC (Boyd et al., 

2013; Fraser et al., 2013). This presents an opportunity to use novel genetic methods to study pathways 

between emotion recognition and mental health. 

 

A major benefit of using genetic methods is the strengthening of causal inference. Observational 

epidemiology allows researchers to identify associations between phenotypes and hypothesise the 

underlying causal pathways. While longitudinal data can allow for an investigation of temporality, the 

available data is often cross-sectional, meaning it is not possible to determine the direction of 

association. Associations may have arisen via reverse causation (i.e., the proposed outcome is 

increasing the likelihood of the exposure). For example, within the context of this thesis, in Chapter 2 I 

identified a moderate association between depression and an increased recognition of sad emotional 

expressions. As this association is cross-sectional, it is not possible to determine whether depression 

leads to an increased recognition of sadness (i.e., emotion recognition is a marker or symptom of 

depression), or in fact, whether an increased recognition of sadness leads to the development of 

depressive symptoms (i.e., emotion recognition is a causal mechanism). Additionally, while large 

observational studies such as ALSPAC allow researchers to adjust for a large range of potential 

confounds, there is still likely to be residual confounding (Davey Smith & Ebrahim, 2003). In some 

cases, this can lead to spurious associations. Triangulating findings from multiple approaches, including 

both observational and genetic epidemiology, improves causal inference (Lawlor et al., 2017). In this 

study, I conducted genome-wide association studies and Mendelian randomisation to strengthen the 

causal inference of the observational work in Chapter 2. 

 

3.1.1 Genome-Wide Association Studies  

In order to use genetics to examine causal associations between phenotypes, the first step is to identify 

which genetic variants are associated with a particular phenotype. Genome-wide association studies 

(GWAS) test millions of genetic variants across the genome, in a large number of individuals, to identify 

any associated single nucleotide polymorphisms (SNPs). Due to the high number of comparisons, 

SNPs must pass a standard threshold of p < 5×10-8 to be considered significant (Johnson et al., 2010). 
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The primary aim is to identify functional SNPs associated with certain phenotypes, to improve 

understanding of the underlying mechanism. The results of GWAS can then be used to identify 

individuals in novel samples who have a genetic predisposition for a certain phenotype. For some traits, 

this may be the case of simply identifying all the individuals who possess a certain allele (as is the case 

for the BRCA1 gene in breast and ovarian cancer susceptibility; Miki et al., 1994). However, single 

variants with large effect sizes are rare. For more complex traits, involving many genes, the GWAS 

results can be used to produce polygenic risk scores (PRS). A PRS captures the additive or average 

effect of an individual’s risk alleles, often weighted by the effect estimates in the original discovery 

GWAS (Dudbridge, 2013).  

 

Large prospective studies, collecting both genetic and psychological data, such as the UK Biobank 

resource (n ~ 500,000, Allen et al., 2012), have presented the opportunity to conduct well-powered 

GWAS of a range of psychiatric disorders. Results to date have suggested that these disorders are 

highly polygenic and have a degree of genetic overlap with each other (Fuller & Reus, 2019). Of 

relevance to the current study, a recent GWAS of major depressive disorder identified 44 independent 

risk loci, after analysing over 400,000 individuals across seven cohorts (Wray, Ripke, Mattheisen, 

Trzaskowski, Sullivan, et al., 2018). Data necessary for GWAS of anxiety disorders appears to be less 

readily available, with the latest meta-analysis including 18,000 individuals and identifying 3 risk variants 

(Otowa et al., 2016). Summary statistics for these GWAS are available as open datasets, creating the 

opportunity for them to be studied alongside other physical or mental health phenotypes. 

 

GWAS of emotion recognition abilities are rare, likely due to a scarcity of studies collecting both 

cognitive and genetic data. Only two GWAS have been conducted to date, both on the same emotion 

recognition dataset collected by ALSPAC (Coleman et al., 2017; Woodbury-Smith et al., 2020). The 

initial GWAS, by Coleman and colleagues, investigated both global and emotion-specific recognition in 

ALSPAC participants at 8 years of age (n = 4,097). Emotion recognition was assessed via the 

Diagnostic Analysis of Non-Verbal Accuracy (DANVA) faces test (Nowicki & Carton, 1993), which 

assessed identification of four emotions: happiness, sadness, anger and fear. GWAS did not identify 

any genome-wide significant SNPs. However, 10 loci reached suggestive significance (a lower p-value 

threshold of < 5×10-5) across the four emotion-specific GWAS, 5 of which also reached suggestive 
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significance in the global recognition GWAS. The authors argued that a region on chromosome 7p15.1 

was most noteworthy, given that it was associated with global, sad and angry recognition. However, 

they also acknowledged the likelihood of emotion recognition being highly polygenic, and the lack of 

statistical power in their study to detect smaller effects.  

 

Woodbury-Smith and colleagues (2020) criticised this study for failing to fully account for population 

stratification. General population samples are likely to contain population sub-groups, which may have 

different allele frequencies and rates of a particular phenotype, resulting in spurious genotype-

phenotype associations (Lawlor et al., 2008). In their own GWAS of DANVA total score in the same 

participants (n = 4,780), after performing quality control measures to address population stratification, 

they also did not find any genome-wide significant SNPs. Furthermore, the SNPs with the lowest p-

values did not overlap with those identified previously (Coleman et al., 2017). The authors attribute this 

to a range of methodological decisions, such as addressing population stratification and their method 

of imputation. They also acknowledged the difficulty in studying a developmental cognitive trait, where 

inter-individual variation is likely to be high as children reach milestones at different rates. Studying 

emotion recognition ability at a later timepoint, where it is more likely to have reached maturity 

(Lawrence et al., 2015), may yield more valid genotype-phenotype associations. Furthermore, emotion 

recognition ability in late adolescence and early adulthood is arguably of greater relevance to questions 

concerning the development of emotional disorders, which commonly develop in this period (Le Roux 

et al., 2005; Park et al., 2014). Identifying valid genetic variants will allow us to investigate the degree 

of overlap with emotional disorders, as well as conduct studies of causal inference.   

 

3.1.2 Mendelian Randomisation 

Traditionally, randomised controlled trials (RCTs) are considered the “gold-standard” approach to 

investigating the causal effect of a modifiable risk factor. However, they are often expensive, logistically 

challenging, and time-consuming (M. V. Holmes et al., 2017). In some cases, an RCT is not feasible 

due to ethical reasons, such as when investigating the effect of binge drinking or drug use, or simply 

not possible, such as when investigating the effect of depression. Mendelian randomisation (MR) is a 

powerful statistical method to investigate causal relationships between proposed exposures and 

outcomes by using associated genetic variants to “mimic” an RCT design (M. V. Holmes et al., 2017).  
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MR uses genetic liability as an instrumental variable to compare groups of individuals that differ on a 

phenotype (i.e., exposure) of interest (Lawlor et al., 2008). It relies on Mendel’s laws of inheritance; 

namely, the laws of segregation and independent assortment (Smith et al., 2020). The law of 

segregation states that each individual has a pair of alleles for any particular trait, and that each parent 

passes only one of these alleles (selected at random) to their offspring. Independent assortment refers 

to the observation that each allele is passed on independently of other alleles. Subsequently, when an 

individual’s genotype is determined at conception, the individual is randomly ‘allocated’ an allele, which 

should be independent of alleles associated with other, potentially confounding, traits (much like 

randomisation procedures in RCTs). As an individual’s genotype does not change during their lifetime, 

their genetic liability for the exposure of interest will always precede the observed outcome of interest, 

circumventing the issue of reverse causation that may be present in observational analyses (Lawlor et 

al., 2008). MR can estimate whether the genetic instrument (and therefore, the exposure) is causally 

associated with the outcome of interest. The genetic instrument may be a single genetic variant or, in 

the case of more complex traits, multiple SNPs (Davies et al., 2018).   

 

There are three key assumptions underlying MR, which must be satisfied for the genetic instrument to 

be valid, and therefore, the causal interpretation to hold (see Figure 3.1):  

1. The genetic instrument (Z) is robustly associated with the exposure (X).  

2. The genetic instrument (Z) is not associated with confounders (C) of the exposure-outcome (X-

Y) relationship.  

3. The genetic instrument (Z) is only associated with the outcome (Y) via the exposure (X). There 

should be no independent association between the genetic instrument (Z) and outcome (Y).    
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Figure 3.1. Directed acyclic graph of Mendelian randomisation method 
 

 

The basic principles underlying Mendelian Randomisation (MR). There is evidence for a causal 

association between the exposure (X) and outcome (Y) if 1) the genetic instrument (Z) is robustly 

associated with the exposure (X), 2) the genetic instrument (Z) should not be associated with any 

confounders (C) of exposure (X) and outcome (Y) relationship, and 3) the genetic instrument (Z) 

should only be associated with the outcome (Y) through the exposure (X).   Dashed lines indicate 

potential violations of the assumptions underlying MR. Adapted from Haycock et al. (2016). 

 

 

There are two primary MR approaches, which will be referred to in this chapter as one-sample and two-

sample MR – indicating the sources of data used in each approach (Davies et al., 2018). In one-sample 

MR, genotypes, exposure data, and outcome data are all measured within one participant sample. In 

two-sample MR, data is drawn from two separate study populations. This creates the opportunity to 

investigate exposure and outcomes which may not have been measured within the same sample. It 

also increases power by allowing for the use of summary statistics from the largest and most well-

powered GWAS. This increases the likelihood of using precise estimates. Two-sample MR makes an 

additional assumption that the two samples represent the same underlying population, such as similar 

ages, ancestry, and sex (Davies et al., 2018).  

 

MR is increasingly being applied to the field of psychiatry (Wootton et al., 2021), creating an opportunity 

to identify targets for intervention. Most commonly, depression and anxiety have been studied in relation 

to physical health disorders and behaviours. For example, causal pathways have been identified from 

body fat to depression, suggesting that an intervention targeting excess body fat may reduce the 

likelihood of developing depressive symptoms (Speed et al., 2019). Another recent study of 106 

modifiable factors for depression identified many observational associations, however, only a subset of 
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these, such as television watching and daytime napping, had support from MR analyses (and therefore, 

are considered potential causal factors; Choi et al., 2020). This further highlights the benefit of 

triangulating findings across both observational and genetic analyses to identify targets for intervention. 

However, despite a wealth of observational evidence linking emotion recognition and anxiety and 

depression (Demenescu et al., 2010b), no studies to date have explored the causal pathways using 

genetic methods.   

 

3.1.3 Study Aims  

In this study, I aimed to triangulate my observational analyses of the association of emotion recognition 

and anxiety and depression (Chapter 2) with genetic analyses. First, I aimed to conduct GWAS of three 

key indices of emotion recognition in ALSPAC: global emotion recognition ability, recognition of 

happiness, and recognition of sadness. The latter two measures were selected based on their observed 

associations with anxiety and depression in Chapter 2. Second, I investigated the genetic correlations 

between emotion recognition ability and anxiety and depression, using the largest published GWAS of 

these mental health phenotypes to date (Otowa et al., 2016; Wray, Ripke, Mattheisen, Trzaskowski, 

Sullivan, et al., 2018). Finally, I sought to conduct bidirectional MR to assess the evidence for causal 

pathways between emotion recognition and anxiety and depression. Due to the limited sample size of 

ALSPAC (within the context of genetic epidemiology studies), it was anticipated that these analyses 

would have limited statistical power. Therefore, I primarily aimed to compare effect estimates, rather 

than rely on standard p-value thresholds of significance. A consistent direction of effect across both the 

observational and genetic analyses would strengthen any findings.  

 

3.2 Method 

3.2.1 Data Sources 

3.2.1.1 ALSPAC Genetic Data. ALSPAC (Boyd et al., 2013; Fraser et al., 2013) is prospective birth 

cohort which recruited pregnant women in the former county of Avon, UK, with expected delivery dates 

between April 1991 and December 1992. A total of 15,454 mothers were recruited, leading to 15,589 

foetuses of which 14,901 were alive at 1 year. ALSPAC children were genotyped using the Illumina 

HumanHap550 quad chip genotyping platforms by 23andme subcontracting the Wellcome Trust Sanger 

Institute, Cambridge, UK and the Laboratory Corporation of America, Burlington, NC, US. Following 
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standard quality control checks and imputation, 8,237 eligible ALSPAC children of European ancestry 

had available genotype data. The exact sample used in this research varied between analyses, as I 

aimed to maximise n, and is detailed in the statistical analysis section.  

 

3.2.1.2 ALSPAC Phenotypic Data. ALSPAC parents and children regularly completed questionnaires 

and in-person clinics from birth. In this study, I used anxiety, depression, and emotion recognition 

variables collected at the Age 24 clinic (M = 24.0 years, SD = 0.8 years) in ALSPAC, as described in 

Chapter 2. Anxiety and depression were binary variables indicating the presence of an anxiety disorder 

or depression according to ICD-10 criteria, measured by the Revised Clinical Interview Schedule (Lewis 

et al., 1992). The emotion recognition variables were total hits (number of correctly identified emotions, 

out of 96), happy hits (number of correctly identified happy faces, out of 16) and sad hits (number of 

correctly identified sad faces, out of 16) on the Emotion Recognition Task (ERT; Penton-Voak et al., 

2012). 

 

3.2.1.3 Depression GWAS. For depression analyses, I used 40 SNPs identified by Wray and 

colleagues (Wray, Ripke, Mattheisen, Trzaskowski, Major Depressive Disorder Working Group of the 

Psychiatric Genomics Consortium, et al., 2018) in a meta-analysis of major depression GWAS. This 

included seven cohort studies, in total comparing 135,458 cases and 344,901 controls of European 

ancestry. Across these studies, major depressive disorder was diagnosed via electronic medical 

records, diagnostic interviews, or self-reported symptoms.  

 

3.2.1.4 Anxiety GWAS. For anxiety analyses, I used summary statistics from a meta-analysis of 

GWAS of anxiety disorders performed by Otowa and colleagues (case-control analysis, total n = 17,310; 

Otowa et al., 2016). This included seven independent studies of individuals of European ancestry and 

aimed to capture common genetic effects across five ‘core’ anxiety disorders: generalized anxiety 

disorder, panic disorder, social phobia, agoraphobia, and specific phobia. Cases with any anxiety 

disorder were compared to supernormal controls (i.e., individuals were screened for sub-syndromic 

symptoms and excluded). Only one genome wide significant SNP was identified. I therefore used a 

relaxed threshold of p < 5×10-5, which identified 497 SNPs. These SNPs were clumped to ensure 

independence at linkage disequilibrium (LD) r2 = 0.001 and a distance of 10,000kb, using the 
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clump_data command in the TwoSampleMR package (v.0.4.26; Hemani et al., 2018) in R prior to 

analysis, resulting in 87 independent loci.  

 

3.2.2 Statistical Analyses 

 

3.2.2.1 Genome-wide association studies. I conducted genome-wide association studies (GWAS) 

for the three emotion recognition outcomes (total hits, happy hits and sad hits) using all ALSPAC 

participants who completed the ERT and had available genetic data (n = 2,560). I chose these 

measures of emotion recognition based on their observed associations with anxiety and depression in 

Chapter 2. I conducted linear regression using SNPtest.2.5.0 to test associations between each single 

nucleotide polymorphism (SNP) and each ERT outcome under an additive model, controlling for age, 

sex, and the first 10 genetic principal components (in order to account for population stratification, which 

can cause violations of both assumptions 2 and 3 in MR; Haycock et al., 2016). Prior to analysis, I 

quantile normalized each phenotype in SNPTEST. I then conducted quality control checks on the 

summary data. SNPs were excluded if they deviated from Hardy-Weinberg equilibrium (at p < 5×10-7), 

info of < 80%, and/or a minor allele frequency of <1%. SNPs reaching p <5×10-8 were considered 

genome-wide significant. SNPs were then clumped to ensure independence using the clump_data 

command in the TwoSampleMR R package (Hemani et al., 2018). 

 

3.2.2.2 Genetic Correlations. Following the three GWAS of emotion recognition phenotypes, I 

estimated the genetic correlation of each phenotype with anxiety and depression. Linkage 

disequilibrium score (LDSC) regression (Bulik-Sullivan et al., 2015) uses GWAS summary statistics to 

estimate SNP heritability, and can be used to estimate correlations between traits measured in different 

samples. I performed LDSC using summary statistics from each emotion recognition GWAS and both 

the anxiety and depression discovery GWAS (Otowa et al., 2016; Wray, Ripke, Mattheisen, 

Trzaskowski, Major Depressive Disorder Working Group of the Psychiatric Genomics Consortium, et 

al., 2018), in turn.  

 

3.2.2.3 Polygenic Risk Scores. I computed polygenic risks scores (PRS) for anxiety and depression, 

for the purpose of MR. I generated a separate PRS for anxiety and depression for each ALSPAC 
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participant in PLINK (v.1.90; Purcell et al., 2007), using the genome-wide significant SNPs identified for 

depression (Wray, Ripke, Mattheisen, Trzaskowski, Major Depressive Disorder Working Group of the 

Psychiatric Genomics Consortium, et al., 2018) and p <5×10-5 SNPs identified for anxiety (Otowa et al., 

2016). PLINK summed the number of risk alleles for each SNP weighted by the effect estimate of that 

SNP in the summary statistics of the corresponding discovery GWAS. PRS were computed for 7,977 

participants, following exclusion of participants who had withdrawn consent. The resulting PRS were 

transformed into z-scores, meaning results can be interpreted as per standard deviation increase in 

score.  

 

3.2.2.4 Mendelian Randomisation. I aimed to conduct both one- and two- sample MR to examine the 

bidirectional pathways between each of the three measures of emotion recognition and anxiety and 

depression. Prior to conducting one-sample MR, I ran logistic regressions, regressing each mental 

health PRS onto anxiety/depression at age 24 in ALSPAC, to confirm that the PRS were internally valid. 

I then aimed to conduct instrumental variable regressions, regressing the residuals from the PRS to 

anxiety/depression analyses onto the emotion recognition outcome measures in the ALSPAC sample.  

 

For two-sample MR, I compared results across four complimentary MR methods: inverse-variance 

weighted (IVW), weighted median (Bowden, Davey Smith, et al., 2016), weighted mode (Hartwig et al., 

2017) and MR Egger (Bowden et al., 2015). For MR Egger, I also calculated the weighted regression 

dilution (I2GX), which is an indicator of bias in the MR Egger estimate caused by measurement error 

(Bowden, Del Greco, et al., 2016). Where I2GX was estimated between 0.6 and 0.9, I applied a simulation 

extrapolation (SIMEX; Lederer & Küchenhoff, 2006) technique to the MR Egger analysis, which is a 

recommended correction for measurement error (Bowden, Del Greco, et al., 2016). An I2GX <0.6 

suggests substantial bias, in which case MR Egger should not be reported. IVW is the primary MR 

method, and each of the others are sensitivity tests that make different assumptions regarding the 

validity of the genetic instruments (Bowden, Davey Smith, et al., 2016; Hartwig et al., 2017). A 

consistent effect across all methods would provide the most robust evidence for a causal effect (Lawlor 

et al., 2017). 
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3.2.2.5 Power calculation. I conducted MR power calculations using Burgess’ online power calculator 

(https://shiny.cnsgenomics.com/mRnd/), using the variance explained from the discovery GWAS of 

depression (1.9%; Wray, Ripke, Mattheisen, Trzaskowski, Sullivan, et al., 2018) and anxiety (1.8%; 

Otowa et al., 2016), and the sample size of the emotion recognition outcomes (n = 2560). This 

suggested that we would have 80% power to detect an effect of 0.37 for depression and an effect of 

0.38 for anxiety, 

 

3.3 Results 

 

3.3.1 GWAS of Emotion Recognition Outcomes 

As indicated by Manhattan plots (Figure 3.2 - Figure 3.4), GWAS did not identify any genome-wide 

significant SNPs (at the p < 5×10-8 level) for any of the three emotion recognition outcomes (total hits, 

happy hits, and sad hits). Therefore, I report the lead SNPs at a p < 5×10-6 threshold (Table 3.1). The 

lead SNP for ERT total hits was rs72739201 (chromosome 9, b = -0.32, SE = 0.07, effect allele = C, p 

= 1.63×10-6, intergenic variant). For ERT happy hits, the lead SNP was rs2290637, in chromosome 5 

(b = -0.45, SE = 0.09, effect allele = C, p = 1.50×10-6), and for ERT sad hits the lead SNP was 

rs4516363, an intergenic variant in chromosome 2 (b = -0.30, SE = 0.06, effect allele = A, p = 1.50×10-

7). QQ plots, and corresponding lambda (λ) statistics, are displayed in Figure 3.5. For all three GWAS, 

there was low evidence for genomic inflation.   
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Table 3.1. SNPs associated with emotion recognition outcomes at age 24 in ALSPAC at p-value 
threshold of < 5×10-6 and clumped for independence, in ascending order of p-value. 
 

GWAS SNP ID CHR Position Alleles EAF b SE p 

Total hits rs72739201 9 85440281 C/T 0.05 -0.32 0.07 1.63×10-6 

 rs67715018 4 62443938 G/A 0.23 0.16 0.03 2.03×10-6 

 rs148742906 9 78666445 T/C 0.02 -0.53 0.11 2.13×10-6 

 rs75207553 5 77445015 T/A 0.04 0.35 0.07 2.15×10-6 

 rs11253557 10 1043667 T/C 0.20 0.16 0.04 3.89×10-6 

 rs1958349 14 90834860 T/C 0.73 -0.14 0.03 4.02×10-6 

Happy hits rs2290637 5 78668550 C/A 0.02 -0.45 0.09 1.50×10-6 

 rs12807021 11 124555909 A/G 0.08 0.24 0.05 2.30×10-6 

 rs141174709 10 23136580 A/G 0.09 0.22 0.05 2.65×10-6 

 rs11977926 7 76957581 T/C 0.16 -0.17 0.04 2.74×10-6 

 rs74415936 11 112251676 G/T 0.02 0.49 0.10 3.06×10-6 

 rs13405122 2 67302866 T/C 0.16 -0.17 0.04 3.18×10-6 

 rs75147567 15 68927190 A/G 0.03 -0.41 0.09 3.48×10-6 

Sad hits rs4516363 2 210171346 A/C 0.06 -0.30 0.06 1.50×10-7 

 rs149162339 16 60015589 G/A 0.65 0.14 0.03 2.48×10-6 

 rs7218361 17 37725404 G/A 0.96 0.33 0.07 2.63×10-6 

 rs78644273 1 168543429 T/C 0.09 0.23 0.05 3.88×10-6 

 rs79047684 15 96672945 T/C 0.07 -0.28 0.06 3.95×10-6 

 rs73190703 3 187829864 A/G 0.25 -0.16 0.03 4.42×10-6 

 rs140116330 13 68882053 G/A 0.03 0.38 0.08 4.74×10-6 

  

Note. CHR: Chromosome, EAF: Effect Allele frequency 
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Figure 3.2. Manhattan plot of a GWAS of global emotion recognition accuracy (ERT total hits, at age 24) in ALSPAC 
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 Figure 3.3. Manhattan plot of a GWAS of recognition accuracy of happy faces (ERT happy hits, at age 24) in ALSPAC 
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Figure 3.4. Manhattan plot of a GWAS of recognition accuracy of sad faces (ERT sad hits, at age 24) in ALSPAC 
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Figure 3.5. QQ plots for GWAS of total, happy and sad hits on the emotion recognition task in ALSPAC 

 

 

Note. Genomic inflation factor (λ): A) λ = 1.004, B) λ = 1.003, C) λ = 1.001. A genomic inflation factor of 1.0 indicates no presence of systematic inflation (Yang et al., 2011). 
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3.3.2 Genetic Correlations 

Results from LDSC regression suggest a negative direction of association between anxiety and both 

the ERT total (rg = -0.52, SE = 0.35, p = .148) and sad hits (rg = -0.61, SE = 0.73, p = .397). A similar 

pattern of association was identified between depression and ERT total (rg = -0.15, SE = 0.16, p = .332) 

and sad hits (rg = -0.21, SE = 0.46, p = .650), however the evidence was weaker. LDSC estimated the 

SNP heritability (h2) of ERT happy hits to be too low, therefore these correlation analyses could not be 

completed. 

 

3.3.3 One-Sample MR 

I had initially sought to conduct MR bidirectionally, using genetic instruments for both cognition and 

anxiety/depression. Given that the GWAS of the three emotion recognition outcomes did not yield any 

genome-wide significant SNPs to use as genetic instruments, I chose to only conduct MR analyses in 

the direction of mental health exposure to emotion recognition outcome. However, for one-sample MR 

analyses, neither the anxiety or depression PRS predicted the corresponding phenotype in the ALSPAC 

sample (anxiety: OR = 1.08, 95% CI = 0.96 to 1.20, p = .823; depression: OR = 1.03, 95% CI = 0.91 to 

1.17, p = .607). Therefore, I was unable to continue this analysis past the validation stage.  

 

3.3.4 Two-Sample MR 

Two-sample MR results are displayed in Table 3.2. I2GX estimates were very low (all < 0.4); therefore, 

MR Egger results are not valid and consequently are not reported. When studying the causal effect of 

depression, there was some evidence that depression was associated with an increased global emotion 

recognition, as measured by ERT total hits (IVW estimate). This positive direction of effect was 

consistent across all three methods. A consistently positive estimate was also found across methods 

for the relationship between depression and sad hits, however, evidence was very weak. The estimates 

for the effect of depression on sadness recognition were inconsistent.  

 

There was some weak evidence for a negative effect of anxiety on happiness recognition, which was 

consistent across methods (ERT happy hits, Table 3.2). A negative effect estimate was also found 

across methods for global recognition (ERT total hits), however the evidence supporting this was very 

weak. Effect estimates for the recognition of sadness were consistently positive. 
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Table 3.2. Two-sample Mendelian randomisation analyses of mental health and cognitive outcomes. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Note. ERT: Emotion Recognition Task.  
 

    Depression 
(n SNPs = 40) 

 Anxiety 
(n SNPs = 72) 

Outcome Method Βeta [95%CI] p  Βeta [95%CI] p 

ERT total hits Inverse-variance weighted 0.275 [-0.035, 0.585] .082 
 

-0.006 [-0.054, 0.042] .803 

Weighted median 0.141 [-0.282, 0.563] .513 -0.016 [-0.088, 0.056] .658 

Weighted mode 0.007 [-0.884, 0.897] .988 -0.036 [-0.170, 0.098] .601 

ERT happy hits Inverse-variance weighted 0.047 [-0.270, 0.363] .773 
 

-0.038 [-0.083, 0.007] .101 

Weighted median 0.101 [-0.310, 0.512] .631 -0.062 [-0.128, 0.004] .064 

Weighted mode 0.358 [-0.576, 1.293] .457 -0.110 [ -0.245, 0.024] .113 

ERT sad hits Inverse-variance weighted 0.127 [-0.213, 0.468] .464 
 

0.004 [-0.043, 0.050] .880 

Weighted median 0.084 [-0.355, 0.522] .709 0.028 [-0.043, 0.100] .436 

Weighted mode -0.008 [-0.858, 0.842] .985 0.064 [-0.057, 0.185] .304 
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3.4 Discussion 

Here I have reported three GWAS of emotion recognition ability (global, happy, and sad recognition) in 

a general population sample of young adults. GWAS results identified no genome-wide significant 

SNPs, indicating that the underlying genetic architecture is likely to be polygenic. In MR analyses, there 

was some weak evidence for a causal association between depression and an increased global 

emotion recognition ability, and to a lesser extent, anxiety causing a decrease in the recognition of 

happiness. No clear evidence was found for causal pathways between either anxiety and depression 

and the recognition of sadness, despite both previous observational work (Dalili et al., 2015) and the 

corresponding observational analyses (Chapter 2) finding an association. However, analyses were 

limited in terms of statistical power, the implications of which are discussed below. 

 

Only two GWAS have been reported on facial emotion recognition abilities to date, both of which 

focused on global emotion recognition in the same ALSPAC sample (at ~8 years of age; Coleman et 

al., 2017; Woodbury-Smith et al., 2020). In the present study, I did not replicate the findings of either 

GWAS in terms of the lead SNPs associated with overall emotion recognition ability. Coleman and 

colleagues identified a region of chromosome 7 as being of interest, whereas the lead SNP for global 

emotion recognition ability in the present study was rs72739201, an intergenic variant on chromosome 

9, for which the phenotypic associations are currently unknown. This is perhaps unsurprising given that 

the present study assessed emotion recognition using a different behavioural task, at a vastly different 

stage in development. Furthermore, as demonstrated by the two earlier GWAS on the same data, 

methodological decisions alone can lead to divergent findings (Coleman et al., 2017; Woodbury-Smith 

et al., 2020). 

 

Emotion recognition is a highly complex psychological process and, like many psychological traits, the 

underlying genetic architecture is likely to be polygenic, with many variants contributing small effects 

(Munafò & Flint, 2014). Precise and accurate phenotyping is fundamental to reducing error when 

attempting to detect such effects. Arguably, the present study improves on the earlier GWAS by a) 

using a more sensitive measure of emotion recognition ability and b) measuring emotion recognition at 

an age where many cognitive domains have reached maturity (Hartshorne & Germine, 2015), both of 

which are likely to have reduced measurement error. In contrast to the DANVA (Nowicki & Carton, 
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2010), which only tests recognition of four emotions, the present study used a six-alternative forced-

choice design (assessing happiness, anger, sad, fear, disgust and surprise recognition) with more 

subtle variations in emotional intensity. The present study also extends earlier work (Woodbury-Smith 

et al., 2020) by additionally conducting GWAS of emotion-specific recognition of happiness and 

sadness. Summary data from these GWAS are arguably of greater use for future anxiety and 

depression research, which to date has largely focussed on emotion recognition biases rather than 

accuracy per se (Penton-Voak et al., 2017).  

 

However, sample size is the primary limiting factor for the discovery of genetic risk variants (Tam et al., 

2019). Due to substantial attrition in ALSPAC, the present GWAS had reduced statistical power (of an 

already limited sample size for genetic epidemiology) and was therefore unable to detect the likely 

polygenic architecture of emotion recognition. None of the lead SNPs across the three GWAS were 

genome-wide significant, and therefore may have been identified through random chance alone. Future 

studies should focus on maximising sample size, either through recruiting larger samples or meta-

analysing across cohorts. While the three GWAS of global emotion recognition described here 

(Coleman et al., 2017; Woodbury-Smith et al., 2020) cannot be meta-analysed (due to using the same 

sample, and the resulting inflation of error), GWAS on related phenotypes such as cognitive empathy 

are already available (Warrier et al., 2017). However, this would come at the cost of precise 

phenotyping.  

 

The lack of valid risk variants in the emotion recognition GWAS limited the possible subsequent 

analyses, with MR only being conducted in the direction of mental health (exposure) to emotion 

recognition (outcome). The strongest evidence for a causal effect was between depression and an 

increased global emotion recognition, with consistently positive effect estimates across all MR methods. 

This is in line with the observational findings reported in Chapter 2, where point estimates were also in 

the direction of increased global recognition. Interestingly, these findings are at odds with much of the 

literature, which, overall, reports an impairment in recognition in individuals with depression (Dalili et 

al., 2015). It’s unclear why the opposite trend is identified in the present study, but it may be the result 

of sampling procedures. While ALSPAC is a general population sample, it does suffer from attrition. It 

is plausible that individuals with more severe depression and/or anxiety were lost to follow-up, which 
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may have resulted in conflicting findings to studies which specifically recruit depressed and anxious 

patients. Alternatively, as discussed in Chapter 2, the emotion recognition literature does suffer from 

publication bias and small sample sizes (Dalili et al., 2015). It may be the case that the previously 

identified negative association is overstated.  

  

There was also some evidence, albeit weaker, for a causal association between anxiety and poorer 

recognition of happiness, which again was consistent across MR methods and supports the 

observational results in Chapter 2. Interestingly, there was no clear evidence for any causal 

associations with the recognition of sadness, despite strong observational evidence.  However, the MR 

analyses were underpowered to support null causal associations, and therefore any null results should 

not be over-interpreted—future MR studies with larger samples may find evidence for causality. 

Furthermore, the inability to conduct MR with emotion recognition as the exposure means the present 

findings cannot evaluate emotion recognition as a potential target for intervention, which is arguably the 

main incentive for conducting this genetic work. Given that anxiety may be a causal factor in poorer 

recognition of happiness, it seems plausible that this in turn may result in more negative mood states, 

due to experiencing less positive social feedback. However, given the current scarcity of emotion 

recognition and genetic data, it appears alternative research methods, such as RCTs, are required to 

test this empirically.  

 

3.4.1 Limitations 

This study has many limitations affecting the interpretation of results. The lack of ability to conduct 

bidirectional MR prevented a comprehensive assessment of causal pathways, and means the current 

research offers little advantage over observational methods in terms of assessing emotion recognition 

as an intervention target. To a lesser extent, limited statistical power was also an issue for the mental 

health phenotypes: the discovery GWAS for anxiety disorders only identified 1 significant SNP at the 

level of genome-wide significance (Otowa et al., 2016), and neither the anxiety or depression PRS 

significantly predicted the corresponding phenotype in ALSPAC, preventing one-sample MR. 

Nonetheless, this is one of very few GWAS of emotion recognition ability, the only one conducted in 

young adulthood, and the GWAS summary statistics are publicly available for future meta-analyses—

should further data become available.  Additionally, the lack of association between the PRS and 
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ALSPAC phenotypes may be due to the samples underlying the GWAS. Anxiety and depression are 

broad diagnostic categories, and the underlying aetiology may differ both within individuals and across 

different life stages (Brodaty et al., 2001). The anxiety and depression discovery GWAS meta-analysed 

a range of different cohorts, largely consisting of adult participants. This may not represent that same 

underlying population as the young adulthood in ALSPAC. Lastly, as discussed previously, success of 

GWAS depends in-part on accurate phenotyping, and emotion recognition is a highly complex 

behaviour. In this study, emotion recognition was assessed in a relatively rudimentary way (i.e., through 

the categorisation of still photographs) and it is unclear how this relates to “real world” emotion 

recognition. There is also currently no psychometric data to support the reliability of the ERT, which, if 

poor, can lead to unreliable GWAS findings (Barendse, 2011). Future research should pool repeated 

measurements of the same cognitive tasks, such as the ERT, to minimise this measurement error.  

 

3.5 Chapter Summary 

In this chapter, I described novel genetic methods to explore the relationship between emotion 

recognition and anxiety and depression, finding weak evidence for causal relationships between 

depression and increased global emotion recognition, and anxiety and decreased happiness 

recognition. Unfortunately, these methods were restricted by low statistical power. The results 

presented here, therefore, cannot speak to whether emotional processing is a target for intervention. It 

appears that until more genetic datasets become available, traditional psychological methods such as 

lab experiments and RCTs (two of which are presented in Chapter 5) may prove more fruitful in 

addressing this question. Nonetheless, the causal associations suggested by the MR analyses (from 

depression to global emotion recognition, and anxiety to reduced happiness recognition) do add 

confidence that emotional processing is altered in anxiety and depression and are therefore worthy of 

further investigation. 
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Chapter 4: Investigating interpretation biases in the appraisal of dyadic interactions 

 

The research described in this chapter began as a collaboration with undergraduate students. For Study 

1, the students developed the stimulus set, created the online task, and handled participant recruitment. 

I subsequently cleaned and analysed the data, produced the online preregistration for Study 2 

(http://osf.io/kru56), re-programmed the online task, handled participant recruitment, and analysed the 

data. Study 2 was funded by a 2018 Prolific Junior Researcher Grant (prolific.co), with a condition that 

I make all task stimuli open source. Therefore, I also developed and piloted new stimulus set using 

images from a free online database.  

 

4.1 Introduction 

In Chapters 2 and 3, I present results which indicate that individuals with depression and anxiety are 

associated with more negative patterns of interpretation when categorising emotional facial 

expressions. However, this research, and other research to date, both within the emotional processing 

literature and across the field of social cognition more broadly, has largely focussed on stimuli that 

portray isolated individuals (Quadflieg & Penton-Voak, 2017). The ecological validity of these previous 

findings is therefore unclear. In the case of visual stimuli, the majority of previous studies use simplistic 

and/or artificial images, such as static emotional faces (as per my research in Chapters 2 and 3) or 

isolated features (e.g., eyes) presented in a “contextual vacuum” (pp.564, Blanchette & Richards, 

2010). While such paradigms allow for high experimental control, any resulting findings are likely to be 

a poor reflection of social cognition in real-life encounters (Deuse et al., 2016; Haller et al., 2016). Our 

interpretation and classification of emotional displays are heavily influenced by a range of contextual 

cues, such as eye gaze, body posture, and the surrounding visual scene, which help to communicate 

the internal state of the actor and resolve ambiguity (Calbi et al., 2019; Wieser & Brosch, 2012). By 

failing to acknowledge such influences, current interpretation bias paradigms may be misestimating 

relationships between common interpretation biases and mental health outcomes. 

 

One area that remains largely unstudied is the perception of social interactions between multiple actors 

from a third-person perspective (Quadflieg & Penton-Voak, 2017). Instead, many of the previously 

employed paradigms have used stimuli which are either directly self-referential (e.g., the participant 
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imagines themselves interacting in an ambiguous scenario) or involve visual stimuli that are presented 

‘towards’ the participant (such as emotional facial expressions facing the viewer; Everaert, Podina, & 

Koster, 2017). Therefore, it is currently unclear to which extent individuals affected by emotional 

disorders perceive other people’s interactions as less positive. This oversight appears to be partially 

theoretically driven, as many cognitive models of emotional disorders emphasise the importance of the 

self in biased social processing. However, there is some evidence that individuals do hold emotional 

biases when considering the actions of others. For example, dysphoric individuals display negative 

biases of equal magnitude when asked to consider scenarios concerning either themselves or 

hypothetical others (Wisco & Nolen-Hoeksema, 2010). Clarifying whether biases exist when interpreting 

visual displays of social interactions would establish the extent of socio-cognitive difficulties that 

individuals with poorer mental health may be experiencing. 

 

In response to these gaps in the literature, I have conducted two cross-sectional studies that made use 

of complex social stimuli, in the form of still photographs of dyadic interactions, to investigate 

interpretation bias in a richer social context. I investigated the association between bias and several 

mental health outcomes in a general population sample. In Study 1, the discovery sample, I investigated 

associations between bias and self-report levels of generalized anxiety, depressive symptoms, and 

social anxiety. In Study 2, a preregistered follow-up to Study 1, I sought to replicate my initial findings, 

with the primary exposure of interest being self-reported generalized anxiety (based on Study 1 results). 

I also investigated secondary exposures of depressive symptoms, anhedonia, schizotypal symptoms, 

and self-esteem for the purpose of hypothesis generation. 

 

4.2 Study 1 Method: Discovery Sample 

4.2.1 Participants 

Volunteers (n = 133) were recruited from the University of Bristol and wider community via social media 

advertisements. There were no specific inclusion criteria. Data collection was anonymous, and all 

participants gave informed consent prior to participation. Ethics approval for this study was obtained 

from the University of Bristol’s Faculty of Science Research Ethics Committee (reference: 

08011861541). 
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4.2.2 Measures  

4.2.2.1 Dyad interpretation task. I developed a dyad interpretation task to assess emotional bias in 

the interpretation of social interactions. This presented participants with a series of 45 images depicting 

dyadic interactions, which they were asked to respond to on a visual analogue scale indicating “how 

negative or positive you think the interaction is?” This scale ranged from 1 (very negative) to 7 (very 

positive). The order of images was randomised between participants.  

 

Dyad images were sourced from a combination of online stock photo repositories and an existing 

stimulus set (supplied by the authors of de la Rosa et al., 2015). Images were selected based on 

depicting a realistic, complex social interaction between two people. Images were considered 

unsuitable if they were unrealistic or very posed, did not depict a clear dyadic interaction, or depicted 

harm to children. These images were rated by an independent sample (n = 10) and subsequently 

categorised as either positive, negative, or ambiguous interactions (15 images each).  

 

The outcomes of this task are three average rating scores, one for each of the image valence categories 

(positive, ambiguous, negative). Each score ranges from 1 to 7, with higher scores indicating more 

positive appraisals of the dyad images.  

 

4.2.2.2 Mental health measures. Participants self-reported anxiety and depressive symptoms via the  

Generalized Anxiety Disorder (GAD-7) and Patient Health Questionnaire (PHQ-9) scales (Kroenke et 

al., 2001; Spitzer et al., 2006). Social anxiety was assessed with the Brief Fear of Negative Evaluation 

scale (BFNE-2; Carleton, Collimore, McCabe, & Antony, 2011). The item concerning self-harm/suicide 

ideation on the PHQ-9 was not included on advice of the ethics committee, due to this study being 

conducted remotely (and, therefore, the difficulty in referring at-risk individuals to appropriate services). 

Possible scores ranged between 0-21 (GAD-7), 0-24 (PHQ-9), 0-32 (BFNE-2). For all three scales, a 

higher score indicated poorer mental health. 

 

4.2.3 Procedure 

Prospective participants were provided with a link to an online survey on Qualtrics, which began with 

the study information sheet. The precise aim of the study was withheld to minimise demand 
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characteristics. Participants began the study by providing basic demographic information (age and sex), 

before completing the dyad interpretation task and the mental health measures (GAD-7, PHQ-9, BFNE-

2). There were no time limits for participants to input their responses on any of the measures, with the 

whole survey lasting approximately 15 minutes. 

 

4.2.4 Statistical Analyses 

All analyses were conducted in RStudio (RStudio Team, 2015). After removing incomplete datasets, 

the final sample consisted of 126 participants. I specified a multivariate linear regression model for each 

mental health measure (GAD-7, PHQ-9, BFNE-2) in turn, using the three image rating scores (positive, 

ambiguous, and negative) as outcome variables. Models were adjusted for age and sex. I used the 

Pillai’s Trace test statistic to determine if there was evidence for an overall association between the 

mental health measure and image rating scores when modelling all three image categories 

simultaneously. I then explored the association with each image category individually by comparing 

beta coefficients using post-hoc Wald tests. This allowed me to formally test whether the observed 

effect of the mental health measure differed between the image categories.  

 

4.3 Study 1: Results 

4.3.1 Descriptive Statistics 

The analysed sample was predominately female (67.5%) and had had a mean age of 24.7 years (SD 

= 11.0 years). Means and standard deviations for all collected measures are displayed in Table 4.1. 

Scores on the mental health measures were generally low, indicating, as expected in a typical 

population, a low presence of clinical-level symptoms (Löwe et al., 2008; Martin et al., 2006). 
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Table 4.1. Study 1 means (standard deviations) of questionnaire measures and image ratings. 
 
    Male Female Total 

Generalized Anxiety (GAD-7) 

 
4.80 (4.12) 6.12 (4.44) 5.69 (4.36) 

Depressive Symptoms (PHQ-9) 

 
6.07 (3.42) 7.00 (4.81) 6.69 (4.42) 

Social Anxiety (BFNE-2)   8.44 (8.28) 11.62 (9.98) 10.58 (9.55) 

Positive Image Score 

 
5.77 (0.47) 5.94 (0.52) 5.89 (0.51) 

Ambiguous Image Score 

 
4.26 (0.41) 4.24 (0.55) 4.25 (0.50) 

Negative Image Score   2.46 (0.52) 2.26 (0.49) 2.33 (0.50) 

 
Note. GAD-7: Generalized Anxiety Disorder; PHQ-9: Patient Health Questionnaire; BFNE-2: Brief 
Fear of Negative Evaluation Scale. 

 

4.3.2 Image Ratings 

I conducted a series of paired t-tests to assess the face validity of the image rating categories (positive, 

ambiguous, and negative interactions). Tests of the differences between categories for the entire 

sample of participants (see Table 4.1) confirmed that the positive images elicited higher (i.e., more 

positive) ratings than the ambiguous images (MDiff = 1.64, SDDiff = 0.52, 95% CI = 1.55 to 1.73, t(125) = 

35.35, p < .001), which in turn were rated more positively than the negative images (MDiff = 1.92, SDDiff 

= 0.55, 95% CI = 1.82 to 2.01, t(125) = 39.40, p < .001). 

 

4.3.3 Association with Mental Health Outcomes 

Multivariate regression analyses provided some evidence for an association between self-reported 

generalized anxiety (GAD-7) and image ratings, when analysing positive, ambiguous, and negative 

images simultaneously (Pillai’s trace = 0.06, F(3,120) = 2.60, p = .055). Effect estimates per image 

category (Table 4.2) showed that this association was negative, with higher levels of generalized 

anxiety predicting less positive interpretations of the depicted interactions. The estimated effect was 

largest for ratings of ambiguous images, however post-hoc Wald tests provided little evidence that this 

association differed from that of generalized anxiety level and ratings of positive (F(1,244) = 0.83, p = 

.364) or negative images (F(1,244) = 3.15, p = .077; see Table 4.3 for all Wald comparisons). 
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There was no clear evidence for an association between self-reported depressive symptoms (PHQ-9; 

Pillai’s trace = 0.02, F(3,120) = 0.75, p = .527) or social anxiety (BFNE-2; Pillai’s trace = 0.03, F(3,120) 

= 1.38, p = .251) with image rating scores. This lack of association was reflected in the effect estimates 

per each image category (Table 4.2).  
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Table 4.2. Associations between image rating scores and mental health measures (Study 1) 
 
  Positive 

 
Ambiguous 

 
Negative 

  B 95% CI p 
 

B 95% CI p 
 

B 95% CI p 

Generalized anxiety (GAD-7) -0.02 [-0.04, 0.00] .082 
 

-0.03 [-0.05, -0.01] .007 
 

-0.01 [-0.03, 0.01] .434 

Depressive symptoms (PHQ-9) -0.00 [-0.02, 0.02] .801 
 

-0.01 [-0.03, 0.01] .213 
 

-0.01 [-0.03, 0.01] .209 

Social Anxiety (BFNE-2) 0.00 [-0.01, 0.01] .625 
 

-0.01 [-0.02, 0.00] .158 
 

-0.00 [-0.01, 0.01] .620 

 
Note. Separate models adjusted for age and sex. GAD-7: Generalized Anxiety Disorder; PHQ-9: Patient Health Questionnaire; BFNE-2: Brief Fear of Negative 
Evaluation Scale.  
 
 
Table 4.3. Post-hoc Wald tests comparing beta coefficients for image rating (outcome) variables (Study 1) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Note. Underlying models adjusted for age and sex. 

Model Outcome Variables F p 

Generalized Anxiety (GAD-7) Positive - Ambiguous 0.83 .364 

 
Positive - Negative 0.44 .505 

  Ambiguous - Negative 3.15 .077 

Depressive Symptoms (PHQ-9) Positive - Ambiguous 3.57 .060 

 
Positive - Negative 0.46 .499 

  Ambiguous - Negative 0.72 .397 

Social Anxiety (BFNE-2) Positive - Ambiguous 0.94 .333 

 
Positive - Negative 0.46 .497 

  Ambiguous - Negative 0.00 .999 
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4.4 Interim Summary 

In Study 1, I found some evidence for an association between levels of generalized anxiety and 

interpretation bias in the appraisal of third-party interactions, with higher levels of anxiety being 

associated with more negative interpretations. There was no evidence for an association with either 

levels of depression or social anxiety, despite model predictions (e.g., Hirsch et al., 2016) and the high 

comorbidity of the disorders (Fava et al., 2000). As this was a discovery sample with no formal 

hypotheses, I sought to replicate this result in a second sample.  In Study 2, the primary mental health 

measure of interest was level of generalized anxiety. I hypothesised that once again generalized anxiety 

would be negatively associated with ratings on the dyad interpretation task. I also hypothesised that 

this association would be specifically strongest in the rating of ambiguous images. In addition, I 

continued to explore the association of interpretation bias with a range of secondary mental health 

outcomes: self-reported depressive symptoms, anhedonia, schizotypal symptoms, and self-esteem. 

These measures were included for hypothesis generation for future work. 

 

Repeating Study 1 also gave me the opportunity to address certain methodological limitations. Most 

notably, I did not have any selection criteria for the participant sample of Study 1. In particular, I did not 

control for the use of antidepressant medication, a factor known to affect both the experience of 

emotional disorders and emotion recognition ability (Harmer et al., 2003). I also had no measures in 

place to monitor data quality, which may be particularly pertinent given the remote data collection 

method. I outline these changes in the following section. 

 

4.5 Study 2 Method: Validation Sample 

This study was preregistered on the Open Science Framework (http://osf.io/kru56). Ethics approval was 

obtained from the University of Bristol’s Faculty of Science Human Research Ethics Committee 

(reference: 78352).  

 

4.5.1 Participants 

This study used Prolific (www.prolific.co), an online recruitment platform, to identify and recruit 

participants who met the following criteria: aged between 18 and 35 years, a native English speaker (or 

possessing an equivalent level of fluency), normal or corrected-to-normal colour vision, and not 
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currently taking medication to treat symptoms of anxiety or depression. Participants were financially 

reimbursed for their time at the rate of £5.00 per hour.  

 

4.5.2 Measures 

4.5.2.1 Dyad interpretation task. To adhere to open science practices, the stimulus set was altered 

to ensure all images were freely available online. These images were selected following the same 

criteria as Study 1. Prior to the main data collection, these images were rated by an independent sample 

(n = 10) and categorised accordingly (as positive, ambiguous, or negative). See Figure 4.1 for example 

stimuli. In Study 2, images were presented for 2s before the visual analogue scale was displayed. This 

was to ensure participants engaged with the images prior to responding. There was no upper time limit 

for participants to respond.  

 

Figure 4.1. Example stimuli in the three valence categories of the dyad interpretation task. 
 

 

 

4.5.2.2 Mental health measures. Participants’ self-reported level of generalized anxiety and 

depressive symptoms were again assessed through the GAD-7 and PHQ-9. Participants also 

completed three further mental health measures: the Snaith-Hamilton Pleasure Scale (SHAPS; Snaith 

et al., 1995), Brief Schizotypal Symptoms Inventory (BSSI; Hodgekins et al., 2012), and Single-Item 

Self-Esteem Scale (SISE; Robins, Hendin, & Trzesniewski, 2001). These scales captured self-reported 

experiences of anhedonia, schizotypal symptoms, and level of self-esteem, respectively. Possible 

Positive Ambiguous Negative 
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SHAPS scores ranged from 0 to 14, and BSSI scores ranged from 0 to 80. Higher scores on both scales 

indicated poorer mental health in that domain. Possible SISE scores ranged from 1 to 7, with a higher 

score indicating higher self-esteem. 

 

Two attention check items were also included within the mental health measures to monitor data quality. 

For these items, participants were asked to select a specified response to indicate their active 

participation (e.g., “Please select ‘All the time’ for this question, to show you are paying attention”). 

 

4.5.3 Procedure 

All measures were completed remotely in one online session hosted on Gorilla (www.gorilla.sc), a cloud 

software platform for the behavioural sciences (Anwyl-Irvine et al., 2020). The session lasted 

approximately 15 minutes. Eligible participants were provided with a study information sheet on Prolific, 

before being directed to the study via a personalised link. Participants began by completing the dyad 

interpretation task, followed by the mental health measures and basic demographic questions. Upon 

completion, participants were provided with a debrief page which directed them back to Prolific to claim 

their reimbursement.  

 

4.5.4 Sample Size Determination 

As specified in the preregistration, I conducted a sample size calculation based on the association 

between the average rating of all images and GAD-7 in Study 1 (r = -.26). This indicated that a sample 

of 253 participants would provide 90% power at an α level of .005 to detect an effect size equivalent to 

r = .25 (calculated in G*Power 3; Faul, Erdfelder, Buchner, & Lang, 2009). I subsequently aimed to 

recruit 290 participants, deliberately over-recruiting to allow for attrition and incomplete datasets. Data 

was collected from 294 participants, three of whom were excluded due to multiple submissions. One 

participant was excluded due to an incomplete dataset. A further 17 participants were excluded due to 

failing one or both attention check items, resulting in a final sample of 273 participants (40% female) 

with a mean age of 24.8 years (SD = 4.6 years). 
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4.5.5 Statistical Analysis 

The primary association of interest was between level of generalized anxiety and the three image rating 

scores. All statistical analyses were conducted as described for Study 1. This analysis plan differs from 

the preregistered protocol, which stated that I would create a composite score (by averaging across the 

three image categories) as our primary outcome variable. I instead opted for a multivariate approach, 

predicting the three image rating scores within one model, as this allows the three image categories to 

have separate variance structures and models the covariance between them. 

 

As an unplanned exploratory analysis, I conducted a mega-analysis by combining the datasets from 

both Study 1 and 2. I then reanalysed the mental health measures that were in common across both 

studies (GAD-7 and PHQ-9). Analyses were adjusted for age, sex, and study (dummy coded as “0” and 

“1”). 

 

4.6 Results 

4.6.1 Descriptive Statistics 

Means and standard deviations for all measures are shown in Table 4.4. In line with Study 1, 

participants displayed a low level of clinical symptoms reflective of a general population sample.  

 

Table 4.4. Study 2 means (standard deviations) of mental health measures and image ratings. 
 
    Male Female Total 

Generalized Anxiety (GAD-7)  6.05 (4.63) 7.11 (4.84) 6.47 (4.73) 

Depressive Symptoms (PHQ-9)  6.16 (4.64) 7.60 (5.15) 6.73 (4.89) 

Schizotypal Symptoms (BSSI)  20.82 (12.92) 21.08 (13.26) 20.92 (13.03) 

Anhedonia (SHAPS)  2.17 (2.30) 1.57 (2.07) 1.93 (2.23) 

Self-esteem (SISE)   4.35 (1.64) 3.80 (1.50) 4.13 (1.60) 

Positive Image Score  6.12 (0.53) 6.27 (0.61) 6.18 (0.58) 

Ambiguous Image Score  4.47 (0.57) 4.38 (0.55) 4.44 (0.56) 

Negative Image Score   2.68 (0.48) 2.53 (0.48) 2.62 (0.49) 

 
Note. GAD-7: Generalized Anxiety Disorder; PHQ-9: Patient Health Questionnaire; BSSI: Brief 
Schizotypal Symptoms Inventory; SHAPS: Snaith-Hamilton Pleasure Scale; SISE: Single-Item Self-
Esteem Scale. 
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4.6.2 Image ratings 

T-tests confirmed that the image categories of the dyad interpretation task (positive, ambiguous, and 

negative) included a range of valences. Participants rated stimuli in the positive category as more 

positive than those in the ambiguous category (MDiff = 1.74, SDDiff = 0.55, 95% CI = 1.68 to 1.81, t(272) 

= 51.83, p < .001), which in turn were rated more positively than those in the negative category (MDiff = 

1.82, SDDiff = 0.59, 95% CI = 1.89 to 1.75, t(272) = 51.21, p < .001). 

 

4.6.3 Association with Generalized Anxiety 

Evidence for an association between generalized anxiety and image ratings weakened in Study 2 

(Pillai’s trace = 0.02, F(3,267) = 1.77, p = .153). There was some weak evidence for an association with 

the rating of negative images (B = -0.01, 95% CI = -0.03 to -0.00, p = .025), while no clear association 

was found with positive (B = -0.00, 95% CI = -0.02 to 0.01, p = .707) or ambiguous image ratings (B = 

-0.01, 95% CI = -0.02 to 0.01, p = .280). However, post-hoc Wald comparisons indicated that these 

associations did not differ from each other (Table 4.5).   
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Table 4.5. Post-hoc Wald tests comparing beta coefficients for image rating (outcome) variables 
(Study 2) 
 

Model Outcome Variables F p 

Generalized Anxiety (GAD-7) Positive - Ambiguous 0.50 .479 

 

Positive - Negative 1.23 .269 

  Ambiguous - Negative 0.65 .422 

Depressive Symptoms (PHQ-9) Positive - Ambiguous 0.11 .744 

 

Positive - Negative 1.33 .250 

  Ambiguous - Negative 1.48 .224 

Anhedonia (SHAPS) Positive - Ambiguous 0.00 .952 

 

Positive - Negative 0.12 .728 

  Ambiguous - Negative 0.16 .686 

Schizotypal Symptoms (BSSI) Positive - Ambiguous 0.38 .536 

 

Positive - Negative 2.67 .103 

  Ambiguous - Negative 7.64 .006 

Self-esteem (SISE) Positive - Ambiguous 11.42 .001 

 
Positive - Negative 5.75 .017 

  Ambiguous - Negative 0.00 .953 

 
Note. Underlying models adjusted for age and sex. 

 

4.6.4 Association with Secondary Mental Health Measures 

Multivariate analyses of each of the secondary mental health measures indicated that self-reported 

anhedonia (SHAPS; Pillai’s trace = 0.04, F(3,267) = 3.22, p = .023), schizotypal symptoms (BSSI; 

Pillai’s trace = 0.05, F(3,267) = 4.79, p = .003) and self-esteem (SISE; Pillai’s trace = 0.05, F(3,267) = 

4.70, p = .003) were all associated with image ratings on the dyad interpretation task. Effect estimates 

per each image rating score showed that the pattern of association was consistently negative, except 

for self-esteem, where a higher score indicated better mental health (Table 4.6). There was no clear 

evidence for an association between depressive symptoms and image ratings (PHQ-9; Pillai’s trace = 

0.02, F(3,267) = 1.65, p = .178).  

 



Chapter 4: Dyadic Interactions 

 89 

Post-hoc Wald tests comparing the beta coefficients between outcome variables are shown in Table 

4.5. Comparisons of self-esteem (SISE) coefficients suggested that the association with ambiguous 

and negative image ratings was greater than the association with positive image ratings.  For 

schizotypal symptoms (BSSI), the association was greatest for negative image ratings. Anhedonia 

(SHAPS) was similarly associated with ratings across all three image categories (all comparisons p > 

.6). 

 

4.6.5 Mega-analysis 

Multivariate analysis across both datasets showed some evidence for an association between 

generalized anxiety (GAD-7) and image ratings (Pillai’s trace = 0.02, F(3,392) = 2.55, p = .056). This 

was a small negative association across all three image categories (positive images: B = -0.01, 95% CI 

= -0.02 to 0.00, p = .232; ambiguous images: B = -0.01, 95% CI = -0.03 to -0.00, p = .026, negative 

images: B = -0.01, 95% CI = -0.02 to 0.01, p = .024). In a second multivariate model, there was no clear 

evidence that depressive symptoms (PHQ-9) were associated with image ratings (Pillai’s trace = 0.02, 

F(3,392) = 1.65, p = .101). Effect estimates for each image score category were consistently negative 

(positive images: B = -0.00, 95% CI = -0.01 to 0.01, p = .753; ambiguous images: B = -0.01, 95% CI = 

-0.02 to 0.01, p = .279, negative images: B = -0.01, 95% CI = -0.02 to -0.00, p = .005). See Table 4.7 

for post-hoc Wald tests for both models. 
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Table 4.6. Associations between image rating scores and secondary mental health measures (Study 2) 
 
  Positive 

 
Ambiguous 

 
Negative 

  B 95% CI p 
 

B 95% CI p 
 

B 95% CI p 

Depressive symptoms (PHQ-9) -0.00 [-0.02, 0.01] .831 

 

-0.00 [-0.02, 0.01] .589 

 

-0.01 [-0.03, -0.00] .034 

Schizotypal symptoms (BSSI) -0.00 [-0.01, 0.01] .812  0.00 [-0.00, 0.01] .721  -0.01 [-0.01, -0.00] .003 

Anhedonia (SHAPS) -0.04 [-0.07, -0.00] .031 

 

-0.03 [-0.06, -0.00] .029 

 

-0.03 [-0.05, -0.00] .040 

Self-esteem (SISE) -0.02 [-0.06, 0.02] .383 

 

0.05 [0.01, 0.09] .020 

 

0.05 [0.02, 0.09] .005 

 
Note. Separate models adjusted for age and sex. PHQ-9: Patient Health Questionnaire; BSSI: Brief Schizotypal Symptoms Inventory; SHAPS: Snaith-Hamilton 
Pleasure Scale; SISE: Single-Item Self-Esteem Scale.  
 
 
 
Table 4.7. Post-hoc Wald tests comparing beta coefficients for image rating (outcome) variables (mega-analysis) 

Model Outcome Variables F p 

Generalized Anxiety (GAD-7) Positive - Ambiguous 1.01 .315 

 
Positive - Negative 0.31 .579 

  Ambiguous - Negative 0.04 .842 

Depressive Symptoms (PHQ-9) Positive - Ambiguous 0.59 .443 

 
Positive - Negative 1.78 .183 

  Ambiguous - Negative 1.11 .293 

 
Note. Underlying models adjusted for age, sex, and study (dummy coded 0/1). 
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4.7 Discussion 

The current research describes a novel dyad interpretation task to investigate interpretation bias in the 

appraisal of third-party encounters. In Study 1, I found evidence for a negative association between 

self-reported levels of generalized anxiety and image ratings. This became the primary association of 

interest for Study 2. In Study 2 this effect attenuated, however, an exploratory mega-analysis, 

combining the data of both studies, provided overall support for a negative association between image 

ratings and generalized anxiety, however the effect estimate was small. In Study 2, there was also 

evidence for associations between levels of self-reported schizotypal symptoms, anhedonia, and self- 

esteem, and ratings of the dyadic images. In all instances, poorer mental health was associated with 

more negative interpretations. The results from this investigation suggest that interpretation biases 

extend beyond self-directed social stimuli, to other people’s social interactions, and can be identified 

outside of a tightly controlled laboratory experiment. 

 

Interpretation biases have received much attention in relation to anxiety and depression, largely due to 

neurocognitive models implicating them in the maintenance of negative affect (Hayes & Hirsch, 2007; 

Warren et al., 2015). The present finding, that generalized anxiety is associated with more negative 

interpretations, is in line with the large body of previous research I have outlined in Chapter 1 (e.g., 

Hayes & Hirsch, 2007). However, despite the high diagnostic comorbidity of depression and anxiety 

disorders (Fava et al., 2000), the evidence that levels of depressive symptoms were associated with a 

negative interpretation bias was weaker across both studies. This is in line with some previous reviews 

that highlight weaker evidence for attentional and interpretative biases in depression (vs. anxiety) in 

general (Gotlib & Joormann, 2010), and may suggest that individuals experiencing high levels of 

depressive symptoms are less vulnerable to encounter difficulties associated with perceiving social 

interactions more negatively.  

 

A potential explanation for this trend may lie in the lack of self-relevance of the stimuli. Depression is 

characterised by increased self-referential processing (Nejad et al., 2013). Unlike much of the previous 

research conducted on interpretation biases, I presented participants with third-party encounters of 

interactions that did not involve (and had little consequence for) themselves. This may explain why 

larger bias effects have been previously identified using alternative stimuli, such as negative emotional 
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expressions directed ‘at’ the participant (e.g., the observational work I presented in Chapter 2). 

However, it is important to note that anxiety and depression were not formally compared in the present 

study—I  conducted parallel regression models due to anticipating high mulitcollinearity between mental 

health exposures. Therefore, the small variations in effect estimates should not be overinterpreted. 

Future research should systematically compare the importance of self- and other-directed stimuli for 

anxiety and depression, in a case-control design. If differences were confirmed, this may have important 

implications for the delivery of cognitive bias interventions, with the need to tailor interventions to 

specific disorders.  

 

In Study 2, I identified further evidence of negative interpretative biases when analysing the secondary 

measures of schizotypal symptoms, anhedonia, and self-esteem. This is in line with previous research 

finding evidence of negative biases and poorer psychosocial functioning in schizotypal individuals 

(Brown et al., 2005). Both anhedonia and low self-esteem are highly related to anxiety and depression 

(Sowislo & Orth, 2013), but have received very little attention as independent constructs (in relation to 

interpretation bias). It is interesting to note that, in Study 2, I found stronger evidence for biases 

associated with these three measures, than I did for anxiety and depression—despite the majority of 

previous research being focussed on these outcomes. A potential explanation may be the measures of 

mental health used in the present study. Arguably the anhedonia (SHAPS), schizotypal symptoms 

(BSSI) and self-esteem (SISE) scales are more specific than those used to assess the broad diagnostic 

categories of anxiety (GAD-7) and depression (PHQ-9). For example, the PHQ-9, includes questions 

relating to lack of appetite and sleep disturbances which can be related to many aspects of physical 

and mental health. This essentially introduces measurement error and reduces the power to detect an 

effect. The present findings suggest that future studies should include a range of measures when 

assessing interpretation biases, to identify any relationships with specific components of poor mental 

health. 

 

The use of three valence categories (positive, ambiguous, and negative) in the dyad interpretation task 

allowed me to investigate whether there were any specific patterns of bias. Hypothetically, depression 

may be associated with an ‘accurate’ interpretation of overtly negative social interactions but a reduced 

ability to identify positive social interactions. However, in post-hoc Wald tests, there was very little 
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evidence that the associations between mental health and ratings varied across valence categories. 

Overall, the findings suggest that poorer mental health is associated with a global reduction in positivity. 

There were a couple of exceptions to this: higher levels of schizotypal symptoms were associated with 

more negative ratings of negative social interactions, specifically, whereas higher self-esteem was 

associated with more positive interpretations of both ambiguous and negative (but not positive) social 

interactions. Analyses of the secondary measures should be considered as preliminary and require 

replication in future studies. Identifying specific patterns of biases may help target interventions to 

improve psychosocial functioning.  

 

4.7.1 Limitations 

This study has several limitations. First, while this study successfully used more complex stimuli than 

many previous studies of interpretation biases, it is still far removed from the complexity of real-world 

social experiences. For example, the present task lacks any auditory or motion cues. Therefore, the 

present findings still have limited ecological validity. Nonetheless, it is promising (at least for cognitive 

models of anxiety) that interpretation biases were still identified when the experimental control of the 

stimulus set was relaxed. Second, while not the original aim of this study, the cross-sectional design 

prohibits us from drawing any conclusions regarding the causal pathways (if any) between negative 

bias in the interpretation of third-party encounters and mental health. Therefore, I cannot determine if 

such biases are simply a symptom of poor mental health, or a potential risk factor. Third, this study 

recruited a general population sample, who reported generally low levels of symptoms across all the 

mental health outcomes. It is therefore unclear how successful the dyad interpretation task would be at 

capturing bias in a clinical population. Finally, this study was conducted online, which may have affected 

data quality. However, a recent assessment of Prolific found that the recruited samples provide good 

quality data, demonstrated by reproducing known experimental effects (Peer et al., 2017). I also 

attempted to improve data quality by using attention check items. Nonetheless, repeating the study in 

a laboratory setting would strengthen confidence in the findings, and may identify larger effect sizes.  

 

4.8 Chapter Summary 

In this chapter I found evidence that higher levels of anxiety, anhedonia, and poorer self-esteem, are 

associated with more negative interpretations of emotional stimuli. This extends the findings of my 
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observational work in Chapter 2 (which studied the recognition of emotional faces in ALSPAC), by 

demonstrating that biased responding is still present when using more complex stimuli. This is 

promising, as it improves confidence that these effects are not only observed in laboratory settings and, 

therefore, are more likely to be influencing real-world interactions. However, effect sizes were very small 

and the evidence for an association with depressive symptoms was much weaker than expected. 

Additionally, the cross-sectional design prevents evaluating whether these interpretations are 

maintaining poor mental health. In Chapter 5, I describe two RCTs which experimentally manipulate 

emotion recognition, to evaluate the causal association. 
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Chapter 5: Randomised controlled trials of emotional bias training in healthy and medicated 

participants 

 

This chapter is based on the following journal article:  

 

Suddell, S., Müller-Glodde, M., Lumsden, J., Looi, C. Y., Granger, K., Barnett, J. H., Robinson, O. J., 

Munafò, M. R., & Penton-Voak, I. S. (2021). Emotional bias training as a treatment for anxiety 

and depression: evidence from experimental medicine studies in healthy and medicated 

samples. Psychological Medicine, 1–10. Advance online publication. 

doi:10.1017/S0033291721002014 

 

This chapter reports two large studies conducted in a collaboration between the University of Bristol 

and Cambridge Cognition Ltd. The design of both studies was based on a previous trial by Peters et al. 

(2017). JL programmed the online experiment platform on Google Firebase, which CYL, MMG, and I 

tested. CYL, JL and MMG managed participant recruitment for Study 1. CYL, JL and I managed 

participant recruitment for Study 2. JL extracted the data for both studies which I subsequently cleaned. 

I conducted the data analysis for both studies, produced all figures and tables, and wrote the 

manuscript. All authors commented on drafts of the manuscript prior to submission and during the peer 

review process.   

 

5.1 Chapter Overview 

In Chapters 2 and 4, I presented evidence for cross-sectional associations between anxiety and 

depression, and emotional processing biases. In Chapter 3, I had hoped to use Mendelian 

randomisation to test whether emotional processing biases are a causal factor in the development of 

anxiety and depression. Unfortunately, these analyses were not possible due to low statistical power. 

Therefore, I sought an alternative method to evaluate a possible causal effect. Conducting a 

randomised controlled trial (RCT), where I experimentally manipulate emotion recognition, will allow me 

to test the theorised role of emotional processing biases in anxiety and depression. It will also assess 

the feasibility and therapeutic potential of altering an individual’s emotion recognition. In this chapter, I 

describe two large RCTs of emotional bias training, a behavioural paradigm to alter emotion recognition, 
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in both healthy participants, and participants currently taking medication to treat anxiety and/or low 

mood.  

 

5.2 Introduction 

As discussed in Chapter 1, current treatment strategies for anxiety and depression largely consist of 

antidepressant medications and psychotherapy. While these can be effective, they are often difficult to 

access, financially costly, and, in the case of pharmacological treatments, associated with unwanted 

side effects. Additionally, a substantial proportion of patients will not respond to their first line treatment 

(Rush, 2007), resulting in vulnerable individuals potentially experiencing a worsening of symptoms while 

they wait for an effective intervention. There is a need to address this treatment gap by developing 

effective therapies that can be delivered rapidly and remotely. These therapies must be validated by 

real-world studies to ensure they are safe, evidence-based, and effective. 

 

There is evidence that current pharmacological treatments (namely, selective serotonin reuptake 

inhibitors or SSRIs) may work by modifying emotional processing. The neurocognitive model of 

antidepressant action (Pringle et al., 2011) posits that drug treatments “normalize” biased emotional 

processing and allow individuals to experience the world more positively. Support for this comes from 

a study by Tranter and colleagues (2009), which found that patients who experience early changes in 

emotional processing were more likely to report improvements in the depressive symptoms several 

weeks later. Given this proposed causal relationship, researchers are now investigating whether 

emotional processing can be targeted through non-invasive behavioural, rather than pharmacological, 

methods (Hallion & Ruscio, 2011; Menne-Lothmann et al., 2014).  

 

As described in Chapter 1, one such method of targeting negative emotional processing is through 

emotional bias training (EBT). EBT uses feedback to train participants to interpret ambiguous facial 

expressions as displaying a positive rather than a negative emotion, with the aim of inducing a positivity 

bias. It is theorised that this positivity bias will have beneficial downstream effects on the participants 

interpretation of their wider social experiences, that are preferable to those produced by more negative 

interpretations.  
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Multiple trials of EBT have been conducted to date, demonstrating it can alter emotional processing in 

a range of populations, including individuals suffering from emotional and conduct disorders (Penton-

Voak et al., 2012, 2013; Rawdon et al., 2018). It has also shown some promise to improve mood, with 

one study finding increases in positive affect in dysphoric undergraduates, and another finding reduced 

self-reported anger in adolescents with conduct disorder (Penton-Voak et al., 2012, 2013). One of the 

most recent trials to date, conducted by Peters and colleagues (2017), found some evidence that, even 

in healthy individuals, EBT led to reduced self-reported daily stress and anhedonia. Given these, 

positive, but modest, effects EBT may have more utility as an adjunct therapy to existing also therapies 

targeting emotional processing. One of the aims of the current research is to evaluate the effectiveness 

of EBT as adjunct therapy to SSRIs.  

 

Here I describe two pre-registered studies evaluating EBT as a digital intervention for anxiety and 

depression. In both studies, participants were recruited and completed all study sessions online from 

their own homes, providing a test of the intervention in a ‘real world’ setting in which digital therapeutics 

may be delivered. The EBT procedure closely matched those in previous laboratory-based studies 

(Penton-Voak et al., 2020), and was delivered over four sessions, which has been shown to produce 

enduring changes on the emotional bias task (e.g., at two-week follow-up; Rawdon et al., 2018). 

Participants returned for two-week follow-up, which allowed us to assess the effects of training after 

participants had reasonable opportunity to engage in social interactions. I assessed several mental 

health and functional outcomes known to be associated with anxiety and depression.  

 

In Study 1, I examined the effectiveness of EBT in a sample of healthy volunteers to test the feasibility 

of conducting the EBT trial remotely and to explore Peters et al.’s (2017) finding that EBT may lead to 

a reduction in daily stress in healthy participants. Mental health and functional outcomes were assessed 

at baseline, immediately post-training, and at a two-week follow-up. I hypothesised that four sessions 

of EBT would induce a positivity bias in the recognition of emotional facial expressions, as shown in 

previous laboratory-based research (Penton-Voak et al., 2012). I also hypothesised that this change in 

bias would transfer to decreased daily stress and greater motivation to seek reward (Peters et al., 2017). 

I also explored if EBT led to self-reported improvements in quality of life.  
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In Study 2, I recruited volunteers who were currently taking SSRIs for anxiety or depression, to 

investigate the potential of EBT as an adjunct therapy. Based on Study 1 findings, I hypothesised that 

an EBT induced positivity bias would transfer to an improvement in self-reported quality of life. In 

addition, I investigated transfer effects to other mental health and functional outcomes: daily stress, 

anhedonia, depressive symptoms, and state anxiety. 

 

5.3 Methods 

Preregistrations for both studies are available on the Open Science Framework (Study 1: osf.io/qf28h; 

Study 2: osf.io/wuvjb).  

 

5.3.1 Participants 

Study 1 recruited healthy participants via Prolific (www.prolific.co), an online recruitment platform. 

Eligible participants were above 18 years old, fluent in English, and had normal or corrected-to-normal 

colour vision. Participants were ineligible if they were taking antidepressants, anxiolytics or anti-

psychotics, or had consumed alcohol within the last 12 hours (self-report). Participants who completed 

all sessions were reimbursed £10, plus any additional monetary reward earned during the study (see 

Study 1 Measures).  

 

Study 2 participants, also recruited via Prolific, were currently taking SSRIs (either citalopram, 

escitalopram, fluoxetine, paroxetine, sertraline or vilazodone) to manage anxiety and/or depression. 

Medication use was self-reported at two separate timepoints: first as a standard prolific screener (which 

made participants eligible for the study) and at the beginning of the first session. If there was any 

discrepancy between these answers (i.e., no longer taking SSRIs, or failing to provide a valid name of 

an SSRI) the participant was excluded. Eligible participants were also above 18 years old, had English 

as a first language (or equivalent) and had normal or corrected colour vision. Participants were ineligible 

if they had participated in Study 1 or consumed alcohol 12 hours before the study session (self-report). 

Participants who completed all sessions were reimbursed £10. 
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Ethics approval was granted by the Faculty of Science Human Research Ethics Committee of University 

of Bristol (Study 1: 53001; Study 2: 55441). Participants accessed information sheets (hosted on 

Prolific) prior to their participation and gave their informed consent (via a checkbox) upon entering the 

study. 

 

5.3.2 Design 

Both studies used a single-blind randomised controlled design. As these studies were conducted 

remotely, the research team were unable to influence participants’ performance. Participants were 

randomly assigned (by random number generator) to active or sham EBT. All participants were required 

to complete four training sessions within 10 days, and a follow-up session approximately 2 weeks after 

their final training session. Mood and functional outcomes were assessed at baseline (start of session 

1), post-training (end of session 4), and follow-up (end of session 5). The outcomes differed slightly 

between the two studies, which are described in full in the respective measures sections. 

 

5.3.3 Emotional Bias Training 

The EBT paradigm modifies participants’ perception of emotional facial expressions, by encouraging 

them to perceive more ambiguous facial expressions as a positive (happy) rather than negative (sad) 

emotion. Each training session consists of three blocks: baseline, training, and test. In all three blocks, 

participants respond to a series of faces, indicating whether they perceive them to be ‘happy’ or ‘sad’. 

Each face stimulus is from a continuum of 15 morphed faces, that range in intensity from unambiguously 

happy (face 1) to unambiguously sad (face 15) (see original paper for further details of how the stimuli 

were produced; Penton-Voak et al., 2012) 

 

In the baseline block, participants respond to 45 trials (all 15 faces, presented 3 times) and receive no 

feedback regarding their categorisation of the faces. This determines the balance point (i.e., face 

number) at which participants shifted from perceiving happiness to perceiving sadness. This is 

calculated by the number of faces judged as ‘happy’ divided by number of trials, multiplied by 15.  

 

In the training block, participants receive feedback on each trial, indicating whether their categorisation 

was ‘Correct’ or ‘Incorrect’ (See Figure 5.1). Feedback is tailored to each participant, based on their 
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balance point in the baseline block. For participants receiving active training, feedback promotes 

recognition of two more faces (along the 15-point continuum) as ‘happy’. In the sham condition, 

feedback is given in line with their baseline balance point, meaning no training is administered.  

 

The final (test) block is identical to the baseline block, to measure any immediate changes in the 

participants’ balance point after training. An entire training session takes approximately 8.5 minutes to 

complete. In Study 2, the EBT test block of sessions 1, 2 and 3 was replaced with a second training 

block, an additional training block was added to session 4. This doubled the number of training blocks 

(from 4 to 8) while maintaining a similar study duration. This was decided based on the strong evidence 

that participants were improving at each session and, therefore, it was not necessary to “test” for an 

increase in balance point during interim sessions.   

 

Figure 5.1. Schematic of a training block trial in the emotional bias training task. 
 

 
An example trial during the training (second) block of an EBT session. Participants respond to a 
series of emotional faces, categorising each as “happy” or “sad”, and receive immediate feedback 
as to whether this was “Correct” or “Incorrect”. In the active condition, this feedback is tailored to train 
the participant to perceive an additional 2 faces as “happy” in comparison to their responses in the 
baseline block. In the sham condition, this feedback is matched to their baseline responses (i.e., no 
training is administered).  
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5.3.4 Study 1 Measures 

In Study 1, the primary outcome was self-reported daily stress, immediately post-training (session 4), 

based on previous work by Peters and colleagues (2017) suggesting EBT led to a slight reduction of 

daily stress in healthy participants. Secondary outcomes were self-report quality of life enjoyment and 

effort for reward. Depression and anxiety (state and trait) were also assessed via the Patient Health 

Questionnaire (PHQ-9; Spitzer et al., 1999) and the State-Trait Anxiety Inventory (STAI Y1 and Y2 

forms; Spielberger, Gorsuch, Lushene, Vagg, & Jacobs, 1983), respectively. Full details of each 

measure are provided below.  

 

5.3.4.1 Daily Stress Inventory (DSI). The DSI is a self-report questionnaire that measures the number 

and impact of minor stressful events experienced by an individual in everyday life (Brantley et al., 1987). 

Participants respond to 58 items, indicating on a scale how much stressed each stressor caused them, 

ranging from 1 (occurred but not stressful) to 7 (caused me to panic). If the participant did not experience 

that stressor in the past 24 hours, they were instead asked to select ‘X’ to indicate it did not occur. The 

outcome measure is the average impact rating of daily stress, which is the total score divided by the 

number of stressful items. 

 

5.3.4.2 Quality of Life Enjoyment and Satisfaction Questionnaire Short Form (QLES). The QLES 

(Endicott et al., 1993) is a self-report questionnaire which measures an individual’s degree of enjoyment 

and satisfaction in various areas of their daily functioning. Participants indicate their enjoyment and 

satisfaction on 14 items on a scale ranging from 1 (very poor) to 5 (very good). The primary outcome 

measure is a percentage maximum score, with higher scores indicating greater quality of life. 

 

5.3.4.3 Effort Expenditure for Reward Task (EEfRT). The EEfRT is designed as an objective 

cognitive measure of anhedonia that measures the amount of physical effort an individual is willing to 

expend in order to earn a reward (Treadway et al., 2009). It requires participants to press sequences 

of keys in return for differing monetary rewards. Participants were given the choice between ‘easy’ and 

‘hard’ trials. The easy trials required the participant to tap the spacebar repeatedly, while the hard trials 

required participants to press four keys in sequence: ‘Q’, ‘C’, ‘M’ and ‘P’. We adapted the ‘hard’ trials 

from the original task (which required participants to press the space bar with their little finger) to 



Chapter 5: Emotional Bias Training 

 102 

account for the present study being conducted remotely, and therefore participants adherence to task 

instructions could not be monitored (i.e., participants could evade hard trials by using their index finger). 

The primary outcome measure is the proportion of hard trials chosen. 

 

5.3.4.4 Patient Health Questionnaire (PHQ-9). This questionnaire (Kroenke et al., 2001) measures 

severity of depressive symptoms, incorporating DSM-IV (Hankin et al., 2005) depression diagnostic 

criteria with other leading major depressive symptoms. The primary outcome is a PHQ-9 score; scores 

between 5 and 9 indicates provisional diagnosis of minimal depressive symptoms, 10 and 14 indicates 

minor depression, dysthymia, major depression (mild), 15 and 19 indicates major depression 

(moderately severe), and scores above 20 indicates major depression (severe). The question on suicide 

ideation was excluded due to this study being conducted remotely, and therefore, the difficulty of 

referring a participant to an appropriate mental healthcare professional.  

 

5.3.4.5 State-Trait Anxiety Inventory (STAI Y1 and Y2). The STAI-Y1 and STAI-Y2 are self-report 

questionnaires that measure state and trait anxiety, respectively (Spielberger et al., 1983). Participants 

respond to the same 20 items on each scale, indicating how often they have experienced each item in 

either: the past two weeks (state anxiety) or in general (trait anxiety). For state anxiety this ranges from 

1 (not at all) to 4 (very much so). For trait anxiety this ranges from 1 (almost never) to 4 (almost always). 

The outcome measure is the total score on each questionnaire. 

 

5.3.5 Study 2 Measures 

In Study 2, the primary mood outcome was self-reported quality of life enjoyment (QLES), based on the 

Study 1 results suggesting EBT may lead to an improvement QLES scores amongst individuals with 

depressive symptoms. Secondary outcome measures were daily stress (DSI), depressive symptoms 

(PHQ-9), state anxiety (STAI-Y1), and anhedonia. In Study 2, anhedonia was assessed using the 

Snaith-Hamilton Pleasure Scale (SHAPS; Snaith et al., 1995) rather than the EEfRT. This change was 

decided by the research team following the difficulty of administering the EEfRT remotely in Study 1. 

Participants also provided information regarding the duration and type of SSRI treatment, and whether 

they were currently receiving talking therapy, either online or in-person. At the end of training, 

participants completed a brief user experience survey to inform future studies (not reported here).  
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5.3.5.1 Snaith-Hamilton Pleasure Scale (SHAPS). The SHAPS is a self-report measure of 

anhedonia. Participants respond to a series of items covering the domains of social interaction, food 

and drink, sensory experience, and interest and hobbies. Participants indicate the likelihood that each 

item would cause them to feel pleasure: strongly disagree, disagree, agree, or strongly agree. Either of 

the “agree” responses score zero point, and either of the “disagree” responses score one point. The 

final score ranges between 0 and 14, with higher scores indicating greater anhedonia. 

 

5.3.6 Sample size determination 

Power calculations were conducted in G*Power (Faul et al., 2009). Study 1 sample size was determined 

based on the previously identified effect size of group difference in daily stress (DSI-AIR) following EBT 

(d = .35; Peters et al., 2017). A sample of 586 participants would allow us to detect this effect with 95% 

power and an alpha level of 1%, and a more conservative effect of d = .23 with 79% power at an alpha 

level of 5%. A total of 891 participants signed up to the study. Of these 874 participants accessed the 

study website and 527 provided complete datasets. These datasets were screened for outliers and 

inappropriate responding (see protocol for full details), resulting in a final sample of 522 participants 

(see Figure 5.2). 
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Figure 5.2. CONSORT diagram of study 1 sample (healthy participants)  
 

 
 

Study 2 sample size was determined based on a small to medium effect size of d = 0.30 for quality of 

life (QLES), equivalent to 4.2 points on this measure (expressed as a percentage maximum score). We 

calculated that a sample size of 278 would allow us to detect this effect with 80% power and alpha level 

of 5%. It was originally calculated that a sample size of 278 would allow us to detect this effect with 

80% power and alpha level of 5%. However, this was erroneously based on a one-sided test. A total of 

500 participants were recruited, 233 of which provided data for all five sessions. Participants were then 

excluded if they had provided incomplete data or if their baseline balance point was ≤4 or ≥ 12. The 

final sample consisted of 212 participants after removal of 21 outliers as per protocol (see Figure 5.3 

for CONSORT diagram). This sample size provided 58% power at an alpha level of 5% to detect an 

effect size of d = 0.30, and 80% power to detect at effect size of d = 0.39 (equivalent to 5.5 points on 

the QLES). 
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Figure 5.3. CONSORT diagram of study 2 sample (medicated participants). 
 

 

 

5.3.7 Statistical Analyses  

I conducted all statistical analyses in RStudio (RStudio Team, 2015). I began by exploring the 

correlations between baseline balance point and baseline mood scores. For the primary analyses, I 

then conducted linear regressions to evaluate the effect of EBT condition on the mood and functional 

outcomes immediately post-training (session 4). I initially adjusted these models for the baseline score 

of the respective measure and basic demographics (age and sex), and then in Study 2, additionally for 

length of SSRI use and whether the participant was receiving additionally talking therapy (dummy coded 

as yes/no). These models were repeated for study outcomes at follow-up (session 5) to investigate the 

longer-term effects of EBT. 
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I also investigated the interaction of baseline mood and training, by stratifying by baseline depression 

and anxiety. In Study 1, sample was split by depressive symptoms (PHQ-9 > 4 indicating signs of at 

least mild depression; Kroenke, Spitzer, & Williams, 2001) and median split by trait anxiety (STAI-Y2  > 

44). In Study 2, the sample was median split by depressive symptoms (PHQ-9 > 12) and trait anxiety 

(STAI-Y2 > 58). 

 

5.4 Results 

5.4.1 Participant characteristics 

Baseline characteristics of both studies can be seen in Table 5.1. Study 1 recruited a sample of 522 

adult participants who were not currently taking antidepressants, anxiolytics, or anti-psychotics. Of the 

522 participants, 54% were female (sham condition: 45%, active condition: 61%). Study 2 recruited 212 

participants who reported that they were currently taking an SSRI to treat anxiety or depression 

(Citalopram: 26.4%, Escitalopram 3.8%, Fluoxetine: 21.7%, Paroxetine: 2.8%, Sertraline: 45.3%; 

average duration of 50 months). Of the participants, 82% were female (sham condition: 85%, active 

condition: 79%). Self-reported mood was generally low, with the average PHQ-9 score indicating 

moderate depression (Kroenke et al., 2001). A total of 22% of participants reported currently receiving 

talking therapy. 
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Table 5.1. Baseline characteristics (means and standard deviations) of RCT samples. 
 
 Study 1  Study 2 
Baseline Measure Sham (n = 251) Active (n = 271) 

 
Sham (n = 104) Active (n = 108) 

Age (years) 34.8 (11.7) 34.1 (10.5) 
 

37.2 (11.6) 37.0 (10.7) 

Emotional Bias (BP) 7.7 (1.4) 7.8 (1.2) 
 

7.7 (1.3) 7.6 (1.4) 

Daily Stress (DSI-AIR) 2.59 (0.86) 2.48 (0.86) 
 

3.63 (1.07) 3.65 (0.98) 

Effort for Reward (EEfRT) 0.45 (0.28) 0.41 (0.26) 
 

- - 

Anhedonia (SHAPS) - - 
 

3.38 (3.26) 3.36 (2.96) 

Quality of life (QLES) 62.66 (14.41) 64.28 (13.74) 
 

49.78 (16.01) 48.71 (15.52) 

Depressive Symptoms (PHQ) 6.53 (4.74) 6.37 (4.91) 
 

11.63 (5.69) 12.22 (5.22) 

State Anxiety (STAI-Y1) 40.77 (12.44) 40.29 (12.52) 
 

52.73 (13.27) 52.60 (12.67) 

Trait Anxiety (STAI-Y2) 45.08 (12.25) 44.51 (12.70) 
 

56.69 (11.34) 57.89 (10.59) 

SSRI Duration (Months) - - 
 

46.9 (54.6) 52.0 (61.0) 

 
Note. BP: Balance Point, DSI-AIR: Daily Stress Inventory (Average Impact Rating), SHAPS: Snaith-
Hamilton Pleasure Scale, QLES: Quality of Life Enjoyment and Satisfaction Questionnaire (short 
form), PHQ-9: Patient Health Questionnaire, STAI: State Trait Anxiety Inventory, SSRI: Selective 
Serotonin Reuptake Inhibitor. Possible score ranges: DSI-AIR (1-7), EEfRT (0-1), SHAPS (0-14), 
QLES (0-100), PHQ-9 (0-24), STAI-Y1 (20-80), STAI-Y2 (20-80). 
 

5.4.2 Correlation with baseline balance point 

At baseline in Study 1 (healthy participants), balance point was correlated with trait anxiety (STAI-Y2; 

r(520) = -0.10, p = .029), daily stress (DSI-AIR; r(520) = -0.10, p = .022) and quality of life (QLES; r(520) 

= 0.09, p = .034), indicating individuals with lower symptoms categorised more faces as ‘happy’. There 

was no clear evidence for correlations with depressive symptoms, state anxiety, or effort for reward 

(see Table 5.2) 

 

In Study 2 (participants on medication), there was evidence for a small negative correlation between 

baseline balance point and depressive symptoms (PHQ-9; r(210) = -0.15, p = .027), trait anxiety (STAI-

Y2; r(210) = -0.12, p = .082), anhedonia (SHAPS; r(210) = -0.21, p = .002), and a positive correlation 

with quality of life (QLES; r(210) = 0.16, p = .022). There was no clear evidence for a correlation with 

daily stress, or state anxiety. However, all estimates were in the expected direction (i.e., greater 

psychological distress being associated with lower balance point).  
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Table 5.2. Correlations between emotional bias (balance point) and study outcome measures at 
baseline (session 1, pre-training). 
 

  Study 1 (n = 522)   Study 2 (n = 212) 
  r p   r p 

Depressive Symptoms (PHQ-9) -0.04 .329 
 

-0.15 .027 

State Anxiety (STAI-Y1) -0.05 .248 
 

-0.10 .130 
Trait Anxiety (STAI-Y2) -0.10 .029 

 
-0.12 .082 

Daily Stress (DSI-AIR) -0.10 .022 
 

-0.07 .312 

Quality of Life (QLES) 0.09 .034 
 

0.16 .022 

Anhedonia (SHAPS) - - 
 

-0.21 .002 

Effort for Reward (EEfRT) 0.00 .974 
 

- - 

 
Note. PHQ-9: Patient Health Questionnaire, STAI: State Trait Anxiety Inventory, QLES: Quality of Life 
Enjoyment and Satisfaction Questionnaire (short form), DSI-AIR: Daily Stress Inventory (Average 
Impact Rating), SHAPS: Snaith-Hamilton Pleasure Scale, EEfRT: Effort Expenditure for Rewards Task. 
 

 
5.4.3 Effectiveness of EBT on cognitive target 

In both studies, EBT produced positive changes in participants’ emotional balance point (see Figure 

5.4, Panel A), meaning that participants classified more ambiguous faces as ‘happy’ following active 

training. In Study 1, participants in the active condition had, on average, a 2.6 point increase (95% CI 

= 2.3 to 2.9, p < .001) in their balance point post-training and 2.0 point increase (95% CI = 1.7 to 2.3, p 

< .001) at follow-up (fully adjusted models). There was some evidence for an interaction with baseline 

mental health (see Table 5.3) with EBT being less effective in individuals with depressive symptoms (b 

= -0.6, 95% CI = -1.1 to -0.0, p = .033) and higher baseline trait anxiety (b = -0.7, 95% CI = -1.3 to -0.2, 

p = .006). However, stratified analyses indicated that participants in the higher stratum on these 

measures still substantially increased their post-training balance point following EBT (with depressive 

symptoms: 2.3 points, 95% CI = 2.0 to 2.7, p < .001; with high trait anxiety: 2.2 points, 95% CI = 1.8 to 

2.6, p < .001).  

 

In Study 2, the medicated sample, there was also strong evidence of EBT leading to an increase in 

balance point, both immediately post-training (b = 2.3, 95% CI = 1.9 to 2.7, p < .001) and at follow-up 

(b = 1.8, 95% CI = 1.4 to 2.2, p < .001), in the fully adjusted models. There was no clear evidence for 

an interaction between training condition and either baseline depression or trait anxiety on post-training 
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balance point (depression: b = 0.2, 95% CI = -0.7 to 1.0, p = .700; trait anxiety: b = -0.1, 95% CI = -1.0 

to 0.7, p = .779), suggesting that symptom severity had little impact on the effectiveness of training. 

Figure 5.4. Effects of emotional bias training (EBT) across both Study 1 (healthy participants) 
and Study 2 (participants on medication). 

 
A) Mean emotional balance point at each study session, per EBT condition. Error bars display 
standard error of the mean. Means are from the baseline (pre-training) block of that EBT session. 
Sessions 1-4 were completed within a 10-day period. Session 5 was completed approximately 2 
weeks after Session 4. B) Effect estimates of EBT condition on study outcomes. Standardized beta 
coefficients for the effect of condition on study outcomes immediately post-training (end of Session 
4). Models were adjusted for age, sex, and baseline measure of the respective outcome. For ease 
of interpretation, the effect estimates for anhedonia, daily stress, depression, and state anxiety have 
been inverted (i.e., positive Betas now indicate improvement across all measures). 
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Table 5.3. Study 1 (healthy participants) interaction of training condition and baseline mental health on post-training outcomes. 

 

Note. BP: Balance Point, DSI-AIR: Daily Stress Inventory (Average Impact Rating), EEfRT: Effort Expenditure for Rewards Task, QLES: Quality of Life Enjoyment and 

Satisfaction Questionnaire (short form), PHQ-9: Patient Health Questionnaire, STAI: State Trait Anxiety Inventory.  

     Emotional Bias (BP) Daily Stress (DSI-AIR) Effort for Reward (EEfRT) Quality of life (QLES) 

Timepoint Moderator Model n b [95% CI] p b [95% CI] p b [95% CI] p b [95% CI] p 
            

Session 4 Depressive 

Symptoms 

(PHQ-9) 

Stratum specific 
         

 No Symptoms 225 2.9 [2.5, 3.4] <.001 0.05 [-0.11, 0.20] .545 0.01 [-0.05, 0.08] .629 -1.10 [-3.04, 0.84] .265 

 Symptomatic 297 2.3 [2.0, 2.7] <.001 -0.09 [-0.25, 0.07] .274 -0.01 [-0.07, 0.05] .731 2.36 [-0.11, 4.83] .061 

 Interaction 522 -0.6 [-1.1, -0.0] .033 -0.15 [-0.38, 0.08] .208 -0.02 [-0.11, 0.06] .591 3.59 [0.27, 6.85] .034 

 
           

 Trait 

Anxiety 

(STAI-Y2) 

  

Stratum specific 
         

 Low 271 2.9 [2.6, 3.3] <.001 0.00 [-0.15, 0.15] .986 0.01 [-0.05, 0.07] .764 0.24 [-1.82, 2.29] .820 

 High 251 2.2 [1.8, 2.6] <.001 -0.05 [-0.23, 0.12] .543 -0.01 [-0.07, 0.05] .773 1.35 [-1.24, 3.95] .306 

 Interaction 522 -0.7 [-1.3, -0.2] .006 -0.06 [-0.29, 0.17] .587 -0.02 [-0.10, 0.06] .671 1.20 [-2.08, 4.47] .473 

            

Session 5 Depressive 

Symptoms 

(PHQ-9) 

Stratum specific          

 No Symptoms 225 2.3 [1.9, 2.7] <.001 -0.05 [-0.23, 0.12] .539 0.00 [-0.06, 0.07] .930 -0.85 [-3.33, 1.64] .502 

 Symptomatic 297 1.8 [1.4, 2.2] <.001 0.01 [-0.17, 0.19] .888 0.02 [-0.04, 0.08] .456 -0.90 [-3.42, 1.62] .483 

 Interaction 522 -0.5 [-1.1, 0.1] .082 0.06 [-0.19, 0.32] .629 0.02 [-0.06, 0.11] .622 -0.04 [-3.65, 3.55] .979 

           

 Trait 

Anxiety 

(STAI-Y2) 

  

Stratum specific          

 Low 271 2.2 [1.9, 2.6] <.001 -0.09 [-0.25, 0.07] .265 0.01 [-0.05, 0.07] .767 -0.08 [-2.50, 2.35] .951 

 High 251 1.7 [1.3, 2.1] <.001 0.07 [-0.13, 0.27] .482 0.02 [-0.04, 0.08] .555 -2.02 [-4.66, 0.61] .131 

 Interaction 522 -0.6 [-1.1, -0.0] .043 0.16 [-0.09, 0.41] .217 0.01 [-0.07, 0.10] .748 -1.78 [-5.35, 1.79] .327 
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5.4.4 Transfer Effects in Healthy Participants 

In healthy participants, there was no clear evidence that active EBT influenced the primary outcome of 

daily stress (DSI-AIR; Table 5.4), nor secondary outcomes of effort for reward (EEfRT) and quality of 

life (QLES). However, all effect estimates were in the direction of improvement (see Figure 5.4, Panel 

B for plot of effect estimates across both studies). 

 

There was little evidence for interactions between EBT condition and baseline mental health (level of 

trait anxiety and presence of depressive symptoms) on study outcomes (Table 5.3). There was some 

evidence for an interaction between depressive symptoms and EBT condition on post-training quality 

of life (QLES). Stratified analyses indicated that individuals with depressive symptoms reported 

increased quality of life following active EBT (b = 2.36, 95% CI =-0.11 to 4.83, p = .061). This pattern 

did not remain at follow-up (b = -0.90, 95% CI =-3.42 to 1.62, p = .483, Table 5.3).  

 

Table 5.4. Study 1 (healthy participants) effects of training condition on mood and cognitive 
outcomes. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Note. Adjusted for baseline (session 1) measure of the respective outcome and basic demographics 
(age and sex). 

Outcome   b 95% CI p 

Post-training (Session 4) 
    

Daily Stress (DSI-AIR) 
 

-0.04 -0.15, 0.08 .518 

Effort for Reward (EEfRT) 
 

0.01 -0.03, 0.05 .705 

Quality of life (QLES) 
 

0.58 -1.09, 2.25 .494 

Follow-up (Session 5)   
   

Daily Stress (DSI-AIR) 
 

-0.04 -0.17, 0.09 .555 

Effort for Reward (EEfRT) 
 

0.03 -0.02, 0.07 .225 

Quality of life (QLES)   -1.32 -3.14, 0.49 .152 

 

5.4.5 Transfer Effect in Participants on Medication  

Amongst individuals taking SSRIs, there was no clear evidence that active EBT had an effect on quality 

of life immediately post-training (QLES; Study 2 primary outcome). There was also no clear evidence 

for an effect at follow-up (unadjusted model: b = 2.59, 95% CI = -0.36 to 5.54, p = .085; Table 5.5).  
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There was also no clear evidence for transfer effects of EBT when examining the secondary outcome 

measures, either immediately post-training or at follow-up (Table 5.5), and no evidence for interactions 

between EBT condition and baseline mental health (Table 5.6). 

 
Table 5.5. Study 2 (participants on medication) effects of training condition on mood and cognitive 
outcomes.  
 

  Model 1 
 

Model 2 

Outcome b 95% CI p 
 

b 95% CI p 

Post-training (Session 4) 
       

   Quality of life (QLES) 1.61 -1.03, 4.25 .231 
 

1.47 -1.18, 4.13 .276 

   Daily Stress (DSI-AIR) -0.05 -0.25, 0.15 .614 
 

-0.06 -0.26, 0.14 .578 

   State Anxiety (STAI-Y1) -1.36 -3.45, 0.73 .201 
 

-1.46 -3.57, 0.64 .172 

   Anhedonia (SHAPS) -0.36 -1.09, 0.37 .330 
 

-0.41 -1.14, 0.32 .268 

   Depressive Symptoms (PHQ-9) -0.31 -1.16, 0.54 .472 
 

-0.32 -1.17, 0.54 .463 

Follow-up (Session 5) 
       

   Quality of life (QLES) 2.59 -0.36, 5.54 .085 
 

2.29 -0.64, 5.23 .125 

   Daily Stress (DSI-AIR) -0.10 -0.32, 0.12 .364 
 

-0.10 -0.32, 0.12 .369 

   State Anxiety (STAI-Y1) -1.18 -3.59, 1.24 .339 
 

-1.22 -3.66, 1.22 .326 

   Anhedonia (SHAPS) -0.39 -1.21, 0.43 .347 
 

-0.43 -1.25, 0.40 .308 

   Depressive Symptoms (PHQ-9) -0.30 -1.31, 0.72 .563 
 

-0.26 -1.27, 0.76 .622 

 
Note. Model 1: Adjusted for baseline (session 1) measure of the respective outcome and basic 
demographics (age and sex). Model 2: Additionally adjusted for length of SSRI use and additional therapy 
use. 
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Table 5.6. Study 2 (participants on medication) interaction of training condition and baseline mood on outcomes. 
  

 
     Quality of life (QLES) Daily Stress (DSI-AIR) Anhedonia (SHAPS) 

Timepoint Moderator Model n b [95% CI] p b [95% CI] p b [95% CI] p 
Session 4 Depressive 

Symptoms 

(PHQ-9) 

  

Stratum specific       
Low 112 1.62 [-1.59, 4.83] .320 0.02 [-0.23, 0.28] .852 -0.21 [-0.97, 0.55] .585 

High 100 1.98 [-2.30, 6.27] .360 -0.16 [-0.48, 0.16] .313 -0.61 [-1.90, 0.69] .353 

Interaction 212 0.33 [-4.94, 5.61] .901 -0.18 [-0.58, 0.22] .364 -0.36 [-1.81, 1.10] .631 

Trait Anxiety 

(STAI-Y2) 

  

 

Stratum specific 

      

Low 106 1.65 [-1.71, 5.00] .333 0.03 [-0.24, 0.30] .830 -0.58 [-1.31, 0.15] .118 

High 106 3.27 [-0.85, 7.39] .118 -0.23 [-0.53, 0.07] .133 -0.73 [-1.96, 0.50] .242 

Interaction 212 1.44 [-3.81, 6.68] .590 -0.27 [-0.67, 0.13] .184 -0.24 [-1.65, 1.18] .742 

Session 5 Depressive 

Symptoms 

(PHQ-9) 

  

Stratum specific 
      

Low 112 
1.15 [-2.23, 4.53] .502 -0.01 [-0.28, 0.27] .953 -0.41 [-1.27, 0.45] .349 

High 100 
4.49 [-0.49, 9.46] .077 -0.24 [-0.59, 0.11] .174 -0.41 [-1.86, 1.05] .580 

Interaction 212 
3.31 [-2.57, 9.19] .268 -0.23 [-0.66, 0.21] .313 0.04 [-1.59, 1.68] .957 

Trait Anxiety 

(STAI-Y2) 

  

Stratum specific 
      

Low 106 2.17 [-1.52, 5.87] .246 -0.12 [-0.39, 0.15] .381 -0.90 [-1.66, -0.13] .022 

High 106 4.70 [0.04, 9.35] .048 -0.22 [-0.58, 0.14] .227 -0.40 [-1.85, 1.05] .583 

Interaction 212 2.35 [-3.51, 8.22] .430 -0.09 [-0.54, 0.35] .675 0.45 [-1.16, 2.07] .582 

 

Note. QLES: Quality of Life Enjoyment and Satisfaction Questionnaire (short form), DSI-AIR: Daily Stress Inventory (Average Impact Rating), SHAPS: Snaith-

Hamilton Pleasure Scale, PHQ-9: Patient Health Questionnaire, STAI: State Trait Anxiety Inventory. Models adjusted for baseline measure of outcome.
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5.4.6 Interaction with age 

Exploratory inspection of the Study 2 dataset suggested a potential interaction between age of 

participants and condition, leading to unplanned post-hoc analyses of age effects. I performed a median 

split by age (> 35 years) and ran linear regressions for all outcomes (adjusted for sex and baseline 

score of the outcome) in both age strata. There was evidence for condition and age interactions on 

post-training quality of life (QLES) and state-anxiety (STAI-Y1), and weaker evidence for an interaction 

on post-training depressive symptoms (PHQ-9; see Table 5.7). Stratified analyses indicated that active 

EBT was associated with improvements on these measures in younger participants (quality of life: b = 

4.54, 95% CI = 0.91 to 8.17, p = .015; state anxiety: b = -5.13, 95% CI = -8.07 to -2.20, p = .001, and 

depressive symptoms: b = -1.17, 95% CI = -2.24 to -0.09, p = .034), but not older participants (all p > 

.10). The effect of active EBT on quality of life and state anxiety persisted for younger participants at 

follow-up (quality of life: b = 6.17, 95% CI = 2.10 to 10.24, p =.003; state anxiety: b = -4.19, 95% CI = -

8.03 to -0.35, p =.033). There was no clear evidence of age interactions for the remaining mood 

outcomes; however, effect estimates were consistently larger for younger participants (and in the 

direction of clinical improvement). For completeness, these analyses were repeated for the Study 1 

sample (older > 32 years), which found no clear evidence of age effects (full table in Appendix F).
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Table 5.7. Study 2 (participants on medication) interaction of training condition and age on mood and cognitive outcomes. 
 

Timepoint Outcome 

Younger Stratum (n = 107) Older Stratum (n = 105) Interaction (n = 212) 

b [95% CI] p b [95% CI] p b [95% CI] p 

Post-training  
(Session 4) 

Emotional Bias (BP) 2.3 [1.7, 2.9] <.001 2.4 [1.7, 3.0] <.001 0.1 [-0.8, 0.9] .872 

Quality of Life (QLES) 4.54 [0.91, 8.17] .015 -1.38 [-5.22, 2.46] .478 -5.86 [-11.07, -0.64] .028 

Daily Stress (DSI-AIR) -0.19 [-0.47, 0.08] .163 0.09 [-0.21, 0.39] .569 0.28 [-0.12, 0.68] .174 

Anhedonia (SHAPS) -0.67 [-1.68, 0.35] .195 -0.13 [-1.20, 0.95] .815 0.51 [-0.95, 1.97] .491 

State Anxiety (STAI-Y1) -5.13 [-8.07, -2.20] .001 2.28 [-0.60, 5.16] .120 7.31 [3.25, 11.38] <.001 

Depression (PHQ-9) -1.17 [-2.24, -0.09] .034 0.52 [-0.81, 1.86] .440 1.60 [-0.09, 3.29] .063 

Follow-up  
(Session 5) 
 
 
 
  

Emotional Bias (BP) 1.9 [1.3, 2.4] <.001 1.9 [1.3, 2.5] <.001 -0.0 [-0.8, 0.8] .962 

Quality of Life (QLES) 6.17 [2.10, 10.24] .003 -0.83 [-5.00, 3.33] .692 -6.62 [-12.43, -0.80] .026 

Daily Stress (DSI-AIR) -0.28 [-0.58, 0.03] .077 0.05 [-0.26, 0.37] .736 0.32 [-0.13, 0.76] .159 

Anhedonia (SHAPS) -0.87 [-2.01, 0.27] .132 0.09 [-1.13, 1.30] .889 0.90 [-0.75, 2.54] .283 

State Anxiety (STAI-Y1) -4.19 [-8.03, -0.35] .033 1.79 [-1.08, 4.67] .219 5.74 [0.95, 10.53] .019 

Depression (PHQ-9) -0.79 [-2.28, 0.69] .292 0.11 [-1.29, 1.51] .873 0.83 [-1.19, 2.86] .418 

 
Note. BP: Balance Point, QLES: Quality of Life Enjoyment and Satisfaction Questionnaire (short form), DSI-AIR: Daily Stress Inventory (Average Impact Rating), 
SHAPS: Snaith-Hamilton Pleasure Scale, STAI: State Trait Anxiety Inventory, PHQ-9: Patient Health Questionnaire. Younger and older strata created by median 
split (older > 35 years). All models adjusted for baseline measure of outcome and participant sex.  
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5.5 Discussion 

Here I report two studies that investigated the effectiveness of EBT when remotely delivered as a digital 

therapeutic, in both healthy participants and individuals currently taking SSRIs to treat anxiety or 

depression. In both, EBT produced the expected changes in facial emotion perception, with effects 

comparable to those found in laboratory-based studies (Penton-Voak et al., 2012, 2020). Previous 

experimental work has found that these changes can transfer to novel faces (Dalili et al., 2017), 

suggesting that a short course of EBT has the potential to influence participants’ wider social 

encounters. In Study 1, there was some evidence that increases in balance point were larger in 

individuals with no self-reported depressive symptoms and lower levels of trait anxiety. This is perhaps 

unsurprising, given that depression has been found to be associated with cognitive impairment in 

attention and memory (Rock et al., 2014). However, importantly, I identified improvements in emotional 

bias (which remained at two-week follow-up) across all samples, including individuals in Study 2 who 

self-reported moderate to severe levels of depression. This result is encouraging for the use of digital 

therapeutics in emotional disorders more generally, demonstrating individuals with relatively high levels 

of symptoms can successfully adhere to and benefit from a multi-session online intervention.  

 

However, despite these positive changes in emotional bias, I found little evidence for transfer effects to 

mood and functional outcomes, suggesting EBT cannot currently be considered as a therapeutic. In 

healthy participants (Study 1), I did not find any effect of training on the primary outcome of self-reported 

daily stress, nor on the secondary outcomes of anhedonia (effort expenditure for reward) or quality of 

life. The previous laboratory-based study of EBT in healthy participants, conducted by Peters and 

colleagues, identified weak effects of EBT on the same measures of daily stress and anhedonia (2017). 

The present study provides little evidence that changes in emotion perception are sufficient to produce 

significant changes in wellbeing for healthy individuals. As Study 1 tested EBT in a healthy sample, it 

may be expected that participants would be unlikely to see substantial improvement in their existing 

levels of functioning. Stratified analyses provided some evidence for this, as effect estimates for 

changes in daily stress and quality of life were larger for participants with poorer mental health at 

baseline. In particular, there was some evidence that active EBT was associated with greater quality of 

life when only examining individuals who reported depressive symptoms at baseline, despite these 

individuals showing a smaller training effect in terms of emotional balance point. Tentatively, this may 
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suggest that alterations in emotional processing have a greater impact in individuals with higher levels 

of symptoms. However, this pattern was not found at two-week follow-up. 

 

In Study 2, participants, who were taking SSRIs, reported moderate levels of depression at baseline 

(mean PHQ-9 score of 12). Previous research has suggested SSRIs may have therapeutic effect by 

altering biased emotional processing (Warren et al., 2015). We sought to investigate whether the 

additional administration of EBT could provide further benefit. Our results provide little evidence for this, 

with positive changes in emotion perception not appearing to transfer to symptoms. However, once 

again, effect estimates were consistently in the direction of improvement.  

 

The lack of evidence for transfer effects across both studies has important theoretical implications—

namely, that emotional processing may be less central to mental health treatment than previously 

theorised (e.g. Pringle et al., 2011). However, one potential explanation for the small effects found 

across these studies is that the measure of emotion processing (i.e., emotional balance point) may 

suffer from poor validity. Baseline correlation analyses suggested that emotional balance point was 

associated with several measures of mental health in both studies. However, these correlations were 

modest, and the average emotional balance point was similar in both study populations—despite one 

population consisting of healthy participants and one consisting of participants receiving treatment for 

low mood. While such comparisons require formal testing in a future case-control study, this data points 

towards our measure of emotion processing not being strongly tied to participants’ mood, limiting the 

capacity that EBT has to produce large transfer effects. Furthermore, as highlighted in Chapter 4, real-

world emotional processing is highly complex and unlikely to be limited to a single cue of emotion (such 

as a visual display of an emotional expression). The present study cannot establish whether changes 

in emotional processing from EBT transfer to more complex social scenes. It may be the case that more 

intensive training is required, across additional modalities (e.g., auditory perception and body 

perception), to produce sufficient positive changes in real world interactions. Further research is 

required to determine whether the modest associations (and subsequent transfer effects) identified in 

the present study are due to using a measure with poor validity, or whether the causal impact of 

emotional processing biases on mental health is overstated.  
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Alternatively, it may be the case the biased emotional processing plays a larger role in some individuals’ 

mental wellbeing more than others. As discussed in previous chapters, depression and anxiety are 

broad diagnostic categories, and there may be large variation in the underlying aetiology for different 

individuals. Post-hoc analyses of Study 2 indicated that active EBT had stronger therapeutic effects in 

younger participants (<35 years), finding positive changes in state anxiety, depressive symptoms and 

quality of life. This apparent interaction with participant age cannot be explained by the effectiveness of 

the training in terms of changes in emotion perception, which appeared equally effective for younger 

and older participants. Previous studies of EBT in younger participant groups, such as dysphoric 

undergraduates and adolescents with social anxiety (Penton-Voak et al., 2012; Rawdon et al., 2018), 

have also reported modest changes in symptoms. Tentatively, the present finding suggests that benefits 

of EBT may be greater for young people. This could be due to age-related differences in emotional face 

processing, as previous studies have shown that neural activation of the amygdala (a brain area known 

to be affected by successful EBT; Penton-Voak et al., 2020) plays a larger role in emotional face 

processing in younger, rather than older, adults (Fischer et al., 2010). Alternatively, these age effects 

may be due to symptom duration, with older participants potentially having experienced longer periods 

of poor mental health. This may mean that early delivery of the EBT intervention is necessary to produce 

transfer effects. These unplanned analyses require further investigation and should be treated as 

hypothesis-generating. If this pattern is confirmed, it may have important theoretical implications, 

indicating that disruptions in emotional processing are more central to the development of mental health 

symptoms in young people.  

 

5.5.1 Limitations 

These studies have important limitations. Firstly, in both studies there was a limited follow-up period of 

only two weeks, which may have been insufficient to capture the transfer effects of EBT, particularly 

when considering that existing treatments for anxiety and depression (such as antidepressant 

medication) can take several weeks (Harmer et al., 2009) to exert their effects. Secondly, in Study 2, 

there was no control over SSRI duration or type. I adopted a pragmatic recruitment strategy to test EBT 

in a larger sample of participants. This relied on participants self-reporting their SSRI medication and 

treatment duration. Participants reported a range of SSRI types and significant variation in the length 

of their use (mean 50 months). The extent of SSRI-associated neurogenesis at these durations is 
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unknown and previous studies suggest SSRIs can alter emotion perception after only a few doses 

(Godlewska et al., 2016). Therefore, participants may have already maximally benefitted from such 

changes earlier in their medication course. Secondly, as Study 2 was insufficiently powered, the findings 

should be regarded as preliminary. Future research should investigate EBT as an adjunct therapy in 

participants who are beginning SSRI treatment, potentially controlling for SSRI type (the effects of which 

are currently understudied). Administering EBT at this early stage may allow for quicker, or more 

pronounced, changes in emotional perception and hasten any resulting clinical benefit. Longer time 

periods should also be explored, as previous research suggests that benefits following changes in 

emotional bias may appear several weeks later (Harmer et al., 2009). This investigation demonstrates 

that patients with emotional disorders can readily incorporate a remote digital therapeutic into their 

treatment routine.  

 

5.6 Chapter Summary 

Taken together, the findings in this chapter suggest that EBT, it is current format, cannot be considered 

an adjunct therapy for anxiety and depression; there was no clear evidence that changes in emotional 

processing transferred to improvements in mood. Furthermore, given that RCTs are considered the 

gold standard for studying causal relationships, the present findings (taken at face value) suggest 

emotional processing is not a causal factor in anxiety and depression. However, effect estimates were 

consistently in the direction of improvement and, interestingly, there was greater evidence of transfer 

effects amongst younger individuals. This may have important implications for neurocognitive models 

of anxiety and depression, which will be discussed in the general discussion (Chapter 6). 
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Chapter 6: General Discussion 

6.1 Summary of main findings  

As outlined in Chapter 1, the overarching aims of this thesis were to 1) to investigate the role that 

emotional recognition biases play in anxiety and depression, and 2) to evaluate emotional bias training 

(EBT) as an intervention for anxiety and depression. I addressed these two overarching aims through 

five research questions. Here I will discuss each research question in turn and relate my findings to the 

previous literature. I present an overview of the research questions (including, smaller, exploratory 

questions) that I addressed within each chapter in Table 6.1. I also present the strengths and limitations 

of my thesis and make suggestions for future research.  

 

6.1.1 Are anxiety and depression associated with emotional processing biases in the 

interpretation of emotional facial expressions? 

This research question was primarily addressed in Chapter 2, where I studied both cross-sectional and 

prospective associations between anxiety, depression, and emotion recognition, in a large sample of 

ALSPAC participants. This assessed processing biases in the categorisation of six emotional 

expressions: happiness, sadness, anger, fear, surprise, and disgust. Additionally, in Chapter 5, I 

described two randomised controlled trials (RCTs) of EBT. Here I explored correlations between 

baseline mental health and emotional balance point (a measure of emotional bias in the categorisation 

of happy and sad facial expressions). 

 

Cross-sectionally, I found strong evidence that depression is indeed associated with a bias towards 

recognising sadness. In Chapter 2, this was characterised by an increase in both “hits” (i.e., correctly 

identifying sad faces) and “false alarms” (i.e., incorrectly identifying faces as sad) on the emotion 

recognition task. The effect sizes were moderate, with depressed participants correctly identifying 0.35 

more sad faces, and incorrectly identifying 0.61 faces as sad (when they were another emotion). 

Furthermore, sad false alarms were even higher in individuals taking psychotropic medication (0.97 

faces), which may indicate that this bias increases with depression severity. This was further supported 

by the correlation I reported in Chapter 5, where baseline depressive symptoms were negatively 

correlated with emotional balance point—suggesting those with higher symptoms categorised more 

ambiguous facial expressions as sad.  
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The evidence for emotional processing biases in anxiety was mixed. In Chapter 2, cross-sectionally, 

there was some evidence that anxiety was associated with a decrease in happiness recognition. There 

was initial evidence of a bias towards sadness, but this attenuated when adjusting for concurrent 

depression. In contrast, in Chapter 5, there was evidence from the baseline measures of both RCTs 

that trait anxiety was associated with an emotional bias towards recognising sadness. However, this 

analysis was not adjusted for concurrent depression, so it is unclear whether depressive symptoms 

were driving this effect.  

 

The evidence that depression is associated with a mood-congruent (i.e., sadness) bias fits well with 

previous literature. In particular, the latest meta-analysis of emotion recognition found that depression 

is associated with poorer recognition of all emotions other than sadness (Dalili et al., 2015). This meta-

analysis could not analyse false alarms due to them being underreported. Therefore, this work extends 

the findings from this meta-analysis, by suggesting depression is characterised by a bias towards 

sadness—not just a superior recognition of sadness relative to other emotions. Furthermore, Dalili and 

colleagues (2015) found evidence for publication bias and suggested that many previous studies were 

underpowered. In contrast, the studies I described in both Chapters 2 and 5 were well-powered to detect 

these effects, so it is promising that I report broadly consistent results. 

 

The weaker evidence for a bias in anxiety is at odds to some previous suggestions that cognitive biases 

are particularly pronounced in anxiety (vs. depression; Gotlib & Joormann, 2010), and that anxiety is 

characterised by a greater sensitivity to threat (which might have been reflected in a bias towards anger, 

for example). It is also at odds to the pattern I identified when investigating bias in the appraisal of more 

complex social scenes (see section 6.1.3 for a discussion). However, it is very difficult to disentangle 

the effects of anxiety and depression when the conditions are highly comorbid (Essau et al., 2018). 

While, statistically, the depression variable may explain more of the variance, it is highly likely that an 

“anxious” individual would also be displaying a bias towards sadness (see limitations for a discussion 

of how I have handled “anxiety” and “depression” in this thesis).  
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Table 6.1. Summary of the main findings from each research chapter. 
 

Chapter Research Questions Main Findings 

Chapter 2 Observational analyses in ALSPAC 
 
1. Is there a cross-sectional association between emotional disorders and emotion 

recognition in young adulthood?   
 

2. Is there a prospective association between emotional disorders and emotion 
recognition in young adulthood?   

 
3. How does concurrent psychotropic medication use affect emotion recognition in 

young adulthood? 
 

 
1. Cross-sectionally, depression was associated with an emotional bias towards 

sadness. Anxiety was associated with poorer happiness recognition. 
 

2. Prospectively, both anxiety and depression were associated with an increased 
fear recognition. Anxiety was also associated with increased disgust.  

 
3. In anxious and depressed individuals, psychotropic medication use was 

associated with increased sadness and poorer happiness recognition. 
 

Chapter 3 
 

Genetic analyses in ALSPAC 
 
1. What single nucleotide polymorphisms are associated with global, happy, and sad 

emotion recognition? 
 

2. Using Mendelian randomisation (MR), is there evidence for causal relationships 
between emotion recognition and emotional disorders?   

 
 

 
1. No genome-wide significant SNPs were identified for any of three emotion 

recognition outcomes. 
 
2. There was weak evidence for a positive causal effect of depression on global 

emotion recognition, and a negative causal effect of anxiety on happiness 
recognition. Bidirectional MR was not possible due to no valid instruments for 
emotion recognition. 

 
Chapter 4 
 

Emotional bias in the appraisal of dyadic interactions 
 
1. Are emotional disorders associated with emotional biases in the interpretation of 

more complex social scenes (i.e., dyadic interactions)?  
 

 
1. There was evidence for generalized anxiety symptoms being associated with 

more negative ratings of social stimuli. The estimate for depression was also 
negative, but evidence was very weak.  

Chapter 5 RCTs of emotional bias training in healthy and medicated samples 
 
1. What are the effects of emotional bias training (EBT) on mood and functional 

outcomes in a large general population sample? (Study 1) 
 
2. What are the effects of EBT on mood and functional outcomes in a sample of 

participants currently taking SSRIs? 
 

3. Do baseline anxiety and depressive symptoms have an effect on the efficacy of 
emotional bias training? 
 

 

 
1. EBT successfully altered emotion recognition bias. However, there was no clear 

evidence for any transfer effects.  
 

2. EBT successfully altered emotion recognition bias. There was no clear evidence 
for any transfer effects. However, young participants reported greater treatment 
gains. 
 

3. Some evidence that EBT was more effective (in terms of changes to bias) in 
participants with no depressive symptoms (Study 1) and led to greater 
improvements in quality of life in participants with depressive symptoms (Study 
1). No clear evidence for an interaction was found in medicated participants 
(Study 2).   
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Finally, in Chapter 2, I found no clear evidence that either anxiety or depression at age 18 were 

prospectively associated with a specific emotional processing bias at age 24 (that is, characterised by 

both an increase of hits and false alarms for a specific emotion). However, there was some evidence that 

both depression and anxiety were associated with a superior recognition of fear, and anxiety with a 

superior recognition of disgust. Tentatively, these findings suggests that individuals with emotional 

disorders may have enduring patterns of negative emotional processing, and that altered emotion 

recognition is not a simply a state-marker of low mood. This supports previous evidence suggesting that 

altered emotion recognition is present in remitted patients (Biyik et al., 2015). Further research is needed 

to determine how emotional processing alters over the course of illness onset and recovery as, due to 

being restrained by the variables available in ALSPAC, I was unable to study this prospective association 

at intermediate timepoints.  

 

6.1.2 Is there evidence for a causal relationship between emotional processing, anxiety, and 

depression?  

I investigated this research question across two different studies. In Chapter 3, I used genetically 

informed methods, namely Mendelian randomisation (MR), to assess causal pathways between facial 

emotion recognition, anxiety, and depression. In Chapter 5, I conducted a randomised controlled trial 

(RCT) of emotional bias training, which experimentally manipulated the participants’ categorisation of 

ambiguous facial expressions, in a sample of individuals who were already taking SSRIs to treat low 

mood and/or anxiety. This allowed me to evaluate the causal pathway from emotional processing to 

mental health.  

 

As highlighted previously, RCTs are considered the gold-standard technique for establishing causality 

(M. V. Holmes et al., 2017). MR, which is based on similar principles to those of RCTs (namely, random 

assortment), uses genetic instruments as a proxy for the exposure of interest (Lawlor et al., 2008). 

These methods each have their own sources of bias, and therefore I sought to triangulate the results 

to strengthen causal inference. Unfortunately, due to low statistical power (and therefore, no valid 

genetic instruments for emotion recognition) it was not possible to investigate the causal pathway from 

emotion recognition to mental health. This limited my investigation, in Chapter 3, in terms of evaluating 

whether emotional processing is a causal risk factor for developing anxiety or depression. Additionally, 
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the RCT of EBT in individuals taking SSRIs (Chapter 5) was also slightly underpowered to detect 

modest transfer effects. Nonetheless, the final sample size of 212 participants still provided 80% power 

to detect an effect size of d = 0.39. This is the largest trial of this EBT paradigm in a targeted sample, 

and one of the largest trials of any cognitive bias modification paradigms to date (Cristea et al., 2015; 

Fodor et al., 2020). 

 

Overall, I found mixed evidence for a causal pathway in the direction of emotional processing to mental 

health. In the RCT, there was strong evidence that EBT led to changes in emotional processing but, in 

the preregistered analyses, there was no clear evidence that this transferred to any change in anxiety 

or depressive symptoms. However, in the exploratory age analyses, I found evidence that EBT-induced 

changes in emotional bias led to an improvement in state anxiety and, to a lesser extent, depressive 

symptoms in younger (< 35 years) participants, specifically. In the case of state anxiety, these effects 

were moderate (equivalent to 5 points on the State-Trait Anxiety Inventory; Spielberger et al., 1983) 

and remained at two-week follow-up. This finding will be discussed further as a future direction (section 

6.5).   

 

I also found some evidence for a causal pathway in the direction of mental health to emotional 

processing. Specifically, in the MR analyses in Chapter 3, there was some evidence that anxiety causes 

a decrease in happiness recognition, and that depression causes an increase in overall emotion 

recognition. The former finding is in line with previous observational studies also reporting reduced 

recognition of happiness in anxiety (Sabino et al., 2018; Silvia et al., 2006), which I have extended by 

providing evidence that this relationship is causal. However, the latter finding—that depression causes 

an increase in global emotion recognition—is at odds to much of the literature, which generally reports 

global deficits (Dalili et al., 2015; Demenescu et al., 2010a). Due to this study being the first of its kind, 

it is unclear whether this finding is reflective of a true causal effect, a methodological artefact, or a 

characteristic of the ALSPAC sample. One plausible explanation could be selective attrition in ALSPAC, 

with one previous study reporting that individuals with higher genetic risk for poorer mental health were 

less likely to participate in ALSPAC (Taylor et al., 2018). This would result in a biased MR estimate (in 

addition to a biased observational association). Subsequently, this finding should be regarded as 

preliminary until replication.    
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Tentatively, the findings across both Chapters 3 and 5 suggest two things: 1) causal relationships 

between emotional processing and anxiety and depressive symptoms may be bidirectional, and 2) the 

causal relationship from emotional processing to anxiety and depressive symptoms may only be 

present in younger individuals. However, given the significant methodological limitations (mainly 

surrounding statistical power), these findings require extensive further study. Suggestions for further 

research are presented in section 6.5.  

 

6.1.3 Are anxiety and depression associated with emotional processing biases in the 

appraisal of more complex social scenes?  

This research question was addressed in Chapter 4, which investigated whether levels of depressive 

and generalized anxiety symptoms were associated with the interpretation of dyadic interactions. Here, 

participants rated a series of images in the dyad interpretation task, indicating how positive or negative 

they interpretated the depicted social interaction to be. I found some evidence that generalized anxiety 

was related to more negative interpretations of these interactions. The association with depressive 

symptoms also trended negative, however, the evidence was much weaker. This was irrespective of 

whether the images were depicting positive, ambiguous, or negative social interactions. These findings 

are generally positive for interventions targeting emotional biases as they provide greater confidence 

that emotional biases may be influencing real-world social interactions—extending my research using 

prototypical facial stimuli in Chapters 2, 3, and 5. 

 

In Chapter 2, I found that individuals with anxiety have poorer recognition of happy facial expressions. 

This may partly explain the more negative interpretations in the appraisal of positive dyadic interactions 

seen in Chapter 4. However, it offers little explanation for the lower ratings of negative dyadic 

interactions (where no happy facial expressions were present). Due to the relaxed control over the 

stimulus set, it is unclear what is driving the lower ratings here. It is also unknown how anxiety and 

depressive symptoms influence the interpretation of wider contextual cues and body language. Future 

work could systematically study the influence of specific facial expressions, body postures, and context. 

However, in this thesis, perhaps it is sufficient to know that negative biases do exist in the interpretation 

of more complex social scenes. This is more reflective of real-life, where emotional expressions are 
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often ambiguous rather than a prototypical display. The dyad interpretation task could potentially be 

used to study the transfer effects of EBT to more complex social stimuli. Currently there is no measure 

to check how EBT-induced changes in emotional bias generalise to wider social interactions (see 

limitations, section 6.4.2). 

 

6.1.4 What are the effects of emotional bias training on mood and functional outcomes in a 

large general population sample?  

In Chapter 5, I described two RCTs of EBT in two samples: a general population sample, and a sample 

of participants currently taking SSRIs to treat anxiety and/or low mood. In the former, I measured a 

broad range of mood and functional outcome measures, in addition to anxiety and depressive 

symptoms. This was particularly important given that the participants reported a low level of symptoms 

(as typical of a general population sample), resulting in the potential for floor effects. Previously, Peters 

and colleagues (2017) had found some evidence that EBT leads to a reduction in the impact of daily 

stressors amongst an adult general population sample. The present work, which was well-powered to 

detect a modest effect size (d = .23), did not replicate this result. There was also no clear evidence for 

any changes in self-reported quality of life enjoyment or anhedonia in the primary analyses. However, 

there was some evidence that individuals with depressive symptoms reported greater gains in their 

quality of life enjoyment, at two-week follow-up.  

 

Overall, these findings suggest that healthy participants have little to benefit from a course of EBT. 

While this lack of transfer effects is disappointing, a healthy population is ultimately not the intended 

target for this intervention. However, this study did demonstrate the feasibility of conducting a large 

scale EBT trial (n = 522), entirely remotely. This format can now be used in future EBT trials recruiting 

clinical samples.  

 

6.1.5 What are the effects of emotional bias training on mood and functional outcomes 

amongst individuals who are already taking SSRIs to treat low mood?  

In Chapter 5, the second RCT of EBT recruited a large population of individuals who were currently 

taking SSRIs to treat anxiety and/or low mood (n = 212). The neurocognitive model of antidepressant 

action proposes that SSRIs treatment therapeutic benefit by altering emotional processing and 
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alleviating negative biases (Pringle et al., 2011; Warren et al., 2015). Therefore, this RCT investigated 

whether EBT had utility as an adjunct therapy. Once again, I measured a range of mood and functional 

outcomes, including self-reported quality of life enjoyment, daily stress, anhedonia, state anxiety, and 

depression. 

 

There was no clear evidence of EBT transfer effects for any of the measured outcomes. However, there 

was some evidence that the effect of EBT on quality of life enjoyment was moderated by baseline 

mental health. Specifically, participants with higher levels of depressive symptoms at baseline saw a 

greater improvement in their quality of life enjoyment at two-week follow-up. Additionally, as already 

highlighted in section 6.1.2, there was evidence of age effects. Younger, but not older, participants (< 

35 years) reported improvements in quality of life enjoyment, depressive symptoms and state anxiety 

following active EBT. These effects remained at two-week follow-up, and for quality of life enjoyment, 

grew larger. There was also some evidence for an interaction of age and EBT condition on daily stress, 

with weak evidence that younger participants had reported a reduction at two-week follow-up.  

 

6.2 Implications of findings 

This discussion so far has highlighted the following implications of my research findings. Firstly, this 

thesis has provided strong evidence that depression and, to a lesser extent, anxiety, are associated 

with processing biases in the interpretation of visual social information. In the case of depression, results 

from Chapter 2 strongly support that any cognitive bias modification interventions to treat depression 

should focus on remediating biases towards sadness. However, as shown in Chapter 5, EBT, which 

targets biases towards sadness, did not produce any improvements in depression in a sample of 

participants with moderate levels of depression. This is despite EBT showing robust effects in terms of 

remediating the bias towards sadness (at least, within the same emotional bias task). These findings 

have at least four potential (mutually exclusive) implications: 

 

1. There is no causal pathway from biases towards sadness to depressive symptoms. 

2. EBT-induced changes in emotion interpretation are not transferring to real-life encounters. 

3. EBT-induced changes in emotion interpretation are transferring to real-life encounters, but they 

are insufficient to produce improvements in mood and functional outcomes.  
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4. EBT is not being administered to the right population, who would benefit from changes in 

emotional bias.  

 

In this thesis I had endeavoured to address the first potential implication but, unfortunately, the 

investigation of causal pathways in Chapter 3 was limited by low power. Therefore, this remains an 

area for future research. Potential implications 2, 3, and 4 were not studied in this thesis, so also present 

areas for future research. However, I found some preliminary evidence, in the form of age effects, to 

suggest the EBT may be more beneficial to certain populations (potential implication 4).  I will now 

discuss the strengths and limitations of my thesis, before making specific suggestions of future research 

topics to address these outstanding areas.   

 

6.3 Strengths and Original Contribution  

This thesis has made several original contributions to the field. In Chapter 2, I investigated both anxiety 

and depression within the same study of emotion recognition in ALSPAC, a large general population 

sample. This improved on previous studies which have been underpowered (Dalili et al., 2015) and 

have relied on sampling procedures that may overinflate effect sizes (D. Nooij et al., 2020). I was also 

able to adjust the analyses for a range of lifestyle and cognitive variables not available in other studies, 

such as IQ and parental social status. Furthermore, the inclusion of anxiety and depression within the 

same study allowed me to compare effects across the emotional disorders, which are highly comorbid 

yet often studied in isolation. In Chapter 3, I applied novel genetic methods, namely GWAS and MR, to 

investigate the association between emotion recognition and emotional disorder. While this was 

unfortunately underpowered, it sets a precedent for further investigation and the GWAS summary 

statistics are openly available for meta-analysis. In Chapter 4, I extended previous investigations of 

cognitive biases in emotional disorders by demonstrating that they are present in the appraisal of more 

complex social scenes. Finally, in Chapter 5, I conducted the two largest trials of this EBT paradigm to 

date, one of which was in a previously unstudied population: individual’s currently taking SSRIs. This 

improves on previous work which has largely relied on cross-sectional designs, which cannot establish 

causality. Chapter 4 and 5 datasets are also openly available for future meta-analyses.  
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Throughout this thesis I have endeavoured to follow best scientific practice. I deliberately used a range 

of high-quality methods, such as RCTs and MR, to strengthen causal inference. I pre-registered all 

studies that involved primary data collection, which helped protect against bias (Nosek et al., 2018). 

Furthermore, I sought to rectify the lack of statistical power reported in previous studies of emotion 

recognition in emotional disorders (Dalili et al., 2015). In Chapter 2, I made use of ALSPAC, a large 

birth cohort, to conduct one of the largest studies of emotion recognition to date. For primary data 

collection (Chapters 4 and 5), I conducted a priori power calculations to ensure I had an adequate 

sample size to detect the primary effect. Where possible, these calculations were based on previously 

reported effect estimates. Adequate power increases the likelihood that an observed estimate reflects 

a true effect (Button et al., 2013).  

  

6.4 Limitations  

In addition to the study-specific limitations already discussed within each research chapter, there are 

several overarching limitations to this thesis.   

 

6.4.1 Handling of Anxiety and Depression 

A major limitation across all studies in this thesis, and arguably much of the field, is how anxiety and 

depression were defined and measured. Firstly, my definition of anxiety and depression was 

inconsistent across the different studies. For example, in Chapter 2, the anxiety variable captured all 

individuals with any anxiety disorder, whereas in Chapter 4, I used separate scales to measure 

symptoms generalized anxiety and social anxiety. The former (composite) variable was necessary to 

maximise statistical power (by increasing sample size) but this was at the cost of easy comparison 

between studies. It also means it is unclear whether the findings identified in Chapter 2 (such as poorer 

happiness recognition) are equally applicable to all anxiety disorders. This could have important 

implications for whether cognitive bias modifications should be tailored to treat specific disorders.   

 

Second, beyond the inconsistency of the measures, there is also limitations associated with the 

measures themselves. Where possible, I chose to use the GAD-7 and PHQ-9 scales to assess 

generalized anxiety and depressive symptoms, respectively (Kroenke et al., 2001; Spitzer et al., 2006). 

These scales are commonly used in clinical practice in the UK. However, as I briefly discussed in 
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Chapter 4, these scales assess anxiety and depressive symptoms using very broad diagnostic 

categories. For example, the PHQ-9 measures several somatic symptoms such as lack of appetite and 

sleep disturbances. While it may be expected that a successful intervention for major depressive 

disorder should alleviate most of these symptoms, these are not direct targets of EBT. EBT primarily 

focuses on alleviating a negative affective state by allowing the patient to have more positive social 

interactions. It is feasible that if EBT was sufficiently successful in improving mood, then it would 

produce downstream effects on these somatic symptoms (e.g., a patient is feeling better and so begins 

to sleep better). However, it is unclear what timescale this would require. In hindsight, the PHQ-9 may 

have lacked sensitivity to detect changes in a depressive mood state. However, fortunately, I included 

a range of additional measures in each study, covering a wide range of mood-related outcomes.  

 

This measurement error may explain why, across several of chapters, the strongest evidence was found 

for more specific constructs. For example, in Chapter 4, I found strong evidence that low self-esteem 

and anhedonia (a core component of treatment-resistant depression; McMakin et al., 2012) were 

associated with more negative interpretations on the dyad interpretation task. In the RCTs of EBT in 

Chapter 5, the strongest evidence for any transfer effects was to self-reported quality of life enjoyment, 

rather than PHQ-9 or GAD-7 scores. Arguably these measures have higher face validity for measuring 

an individual’s current affective state. EBT could still be a valuable intervention if it were found to have 

positive effects on these more specific measures–especially, given that EBT is low cost, fast, and can 

be delivered remotely.  

 

6.4.2 Lack of study of intermediate phenotypes 

There is a tacit assumption underlying this research that individuals affected by emotional disorders are 

experiencing more negative social relationships, and that this stems from cognitive biases in their 

processing of social information. In general, wider research does indeed support strong associations 

between social relationship quality and emotional disorders (Santini et al., 2015). However, data 

regarding the participants’ social relationships is rarely collected in studies of emotion recognition and 

cognitive bias modification. This was also true across the studies I conducted in this thesis. For 

example, while I successfully manipulated participants’ categorisation of emotional facial expressions 
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(Chapter 5), I had no measure of whether this transferred to their real-life interactions. This limits my 

ability to identify which point in the (proposed) causal pathway EBT is failing as an intervention.  

 

One potential solution is to include the dyad interpretation task (Chapter 4), or similar, within the current 

EBT programme, to assess whether EBT-induced changes in the categorisation of emotional faces 

transfer to more complex social scenes. However, this would still be serving as a proxy for real-life 

encounters. Alternatively, EBT could be integrated with ecological momentary assessment (EMA) 

methods. EMA, or experience sampling, collects in-the-moment assessments of a participant’s 

experience, often with a mobile device or smart watch (Smyth et al., 2017). This would yield data that 

is more ecological valid than laboratory-based tasks and, with repeated assessments, would allow for 

the study of how participants’ social experiences vary over the course of EBT. 

 

6.4.3 Lack of consideration of other modalities 

A further limitation of this thesis, and perhaps a reason as to why EBT is currently ineffective, is the lack 

of consideration given to the other modalities in which we interpret social information. As discussed in 

Chapter 1, individuals with both anxiety and depression display interpretation biases when assessed 

using a wide range of stimuli, including written vignettes, auditory tasks, scrambled sentences, and 

short video clips (Everaert et al., 2017). However, in this thesis, I only examined the interpretation of 

visual presentations of static emotional displays (either facial expressions or dyadic interactions). As 

discussed in the previous section, these stimuli lack ecological validity. It is unclear how processing 

biases in the interpretation of visual information intersect with those in other modalities, such as spoken 

communication, and whether cognitive bias modification generalises across modalities. Additionally, 

our interpersonal communication is becoming increasingly text-based, with individuals with emotional 

disorders in particular being more likely to communicate online (Tamura et al., 2017). The current format 

of EBT, which only trains the interpretation of visual displays of emotion, is unlikely to be sufficient to 

challenge biases across these different modes of communication.  
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6.5 Future Directions 

 

6.5.1 Use of Research Domain Criteria 

As discussed under limitations, there were several issues with the way I measured anxiety and 

depression in this thesis. Similar issues have been recognised across the mental health literature, which 

has led to the development of the Research Domain Criteria Initiative (RDoC; Insel et al., 2010). RDoC 

is a framework for investigating mental disorders that encourages the study of individual psychological 

constructs, rather than broad diagnostic categories, across the full range of human functioning (from 

healthy to unhealthy). It also encourages multiple levels of study, including genes, molecules, cells, 

circuits, physiology, behaviour, and self-reports. Integrating a trans-diagnostic, RDoC approach with 

emotion recognition research would allow for more precise study of the specific mechanisms driving 

negative biases and related low mood (Hershenberg & Goldfried, 2015).  

 

RDoC approaches may identify specific subpopulations, or even individuals, that are at-risk of 

developing negative biases and/or emotional distress. A second, related, future direction could be to 

use this to deliver personalised (or perhaps, stratified) treatment. Previous trials of EBT, including the 

two I described in Chapter 5, have found positive but very modest effects of EBT on mood. As this data 

has been analysed at a group-level, it is unclear if this is masking larger effects in certain individuals. If 

an RDoC approach successfully identified a profile of individuals particularly affected by negative 

processing biases, it may be worth trialling EBT (in its current format) on these individuals. This would 

help clarify whether the current lack of clinical effects is due to EBT being ineffective or simply being 

administered to individuals who do not stand to benefit from such an intervention.   

 

6.5.2 Emotion Recognition Biases and Age 

One potential subpopulation that may benefit from EBT is young people. As described in Chapter 5, I 

found evidence that younger individuals, who were currently taking SSRIs to treat anxiety and/or low 

mood, improved on several outcome measures following EBT. No effects were identified in older 

individuals. Furthermore, in Chapter 2, I reported strong evidence for an association between 

depression status and emotional bias in a population of young adults. The correlation between 

depression and emotional bias in Chapter 5, where I recruited participants with a wide age range, was 
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weaker. These results firstly require replication. If this pattern was confirmed, this would have important 

implications for a) the administration of EBT and b) understanding of depression aetiology. It has 

previously been observed that the aetiology of childhood and adolescent depression is substantially 

psychosocial and, as discussed in the introduction, our profile of emotion recognition can be altered by 

psychosocial adversity (National Research Council (US) and Institute of Medicine (US) Committee on 

Depression et al., 2009; Pollak et al., 2009). This would suggest that emotion recognition biases may 

be particularly central to the maintenance of emotional disorders in younger, but not older, individuals. 

This research area is a matter of priority, to help direct future RCTs of cognitive bias modification, which 

otherwise may falsely conclude no effect.   

 

6.5.3 EBT as an Adjunct Therapy  

Overall, the results in this thesis suggest that EBT cannot currently be considered a standalone therapy 

for anxiety and depression. However, there are several promising avenues to explore regarding EBT 

as an adjunct therapy.  

 

Firstly, as already discussed in Chapter 5, a fairer test of EBT as an adjunct therapy should be 

conducted by recruiting patients in primary care who are just starting a course of SSRIs. A major 

limitation of the RCT in this thesis was that there was large variability in treatment duration. Changes in 

emotional processing can occur as early as the first dose of an SSRI (Murphy et al., 2009) and it is 

therefore unclear whether participants in the current RCT had already maximally benefitted. Any future 

trial should be adequately powered to detect more modest transfer effects and could also be 

supplemented by neuroimaging methods. Given the exploratory findings relating to participant age 

(Chapter 5), it may prove fruitful to study EBT as an adjunct therapy for younger patients (e.g., aged 

under 35 years), specifically.   

 

Secondly, EBT could be explored as an adjunct to therapies other than antidepressant medications. In 

this thesis, I explored the efficacy of EBT as an adjunct therapy for SSRIs. There was a clear rationale 

behind this: both EBT and SSRIs are proposed to improve mood via the same mechanism (i.e., by 

alleviating negative cognitive biases; Pringle et al., 2011; Warren et al., 2015). Both interventions also 

target cognitive biases somewhat covertly. In EBT, participants are unaware of the underlying aim of 
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the intervention, while individuals undergoing SSRI treatment experience subtle changes in their 

emotional processing long before they report any clinical changes (Tranter et al., 2009). However, other 

therapies, such as cognitive behavioural therapy (CBT), also challenge automatic negative processing, 

but through explicitly educating patients about the distortions in their thinking and behaviour (Fordham 

et al., 2018). While CBT has been shown to be effective (Erickson et al., 2007), it is a relatively ‘slow’ 

treatment requiring multiple sessions. A significant proportion of patients do not successfully adhere to 

the full course, with one study estimating 32% of depressed patients in primary care do not complete 

face-to-face CBT (Mohr et al., 2012). In contrast, a session of EBT takes less than 10 minutes to 

complete and can quickly illustrate to patients the extent and automaticity of their emotional processing 

biases. In this sense, EBT may have great potential as a psychoeducation tool. Future research could 

systematically compare the efficacy of EBT when delivered as an overt vs. covert therapy for emotional 

disorders.  

 

6.6 Concluding Remarks  

Previous research has found evidence for emotion recognition biases in both anxiety and depression. 

However, much of this previous research has lacked the ability to assess a causal relationship. In this 

thesis I aimed to 1) investigate the role that emotion recognition biases play in anxiety and depression, 

and 2) evaluate emotional bias training as an intervention for anxiety and depression. I found strong 

evidence that depression, and to a lesser extent anxiety, was associated with a bias towards more 

negative interpretations of social stimuli. In particular, depression was characterised by a bias towards 

recognising sad facial expressions. Despite this, emotional bias training specifically targeting biases 

towards sadness had very little impact on mood. This would suggest that biases towards sadness (as 

measured here, at least) are not causally related to anxiety and depressive symptoms, and that 

emotional bias training is not currently a viable treatment for emotional disorders. However, in the 

discussion, I highlighted how current approaches to measuring mental disorder may be masking 

beneficial effects of emotional bias training on mood and psychosocial functioning. I also discussed the 

possibility that emotional bias training may only be beneficial for certain subpopulations, such as 

younger individuals with emotional disorders. Future research should adopt a transdiagnostic, 

dimensional approach to studying this relationship, in order to identify any specific changes induced by 

emotional bias training and who may stand to benefit.  
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Appendices 

Appendix A. List of medication text entries included in psychotropic medication use variable in ALSPAC study (Chapter 2). 
 
SSRIs   SNRIs   NaSSAs   Tricyclic   Benzodiazepine   Antipsychotic 

escitalopram 

paroxetine 

vilazodone 

dapoxetine 

fluvoxamine 

vortioxetine 

fluoxetine 

citalopram  

sertraline 

cinopiam 

sermzjine 
 

venlafaxine hydrochloride 

duloxetine 

venlafaxine 

duloxetine hydrochloride  

delayed-release 

venlafaxine xl 
 

mirtazipine 

mazapane 
 

lofepramine 

amitriptyline 

nortriptyline 
 

valium 

diazepam 

lorazepam 

clonazepam 

temazepam 

xanax 
 

olanzapine 

rispiridone 

quetiapine 

aripiprazole 

haloperidol 
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Appendix B. Comparison of sociodemographic characteristics of available and unavailable participants in ALSPAC study (Chapter 2). 
 
 

  

Available (n = 2187) Not available (n = 12454)  
n (%) n (%) OR {95% CI] 

Sex (male) 865 (40) 6448 (54) 0.56 [0.51, 0.61] 

Ethnicity (white) 2117 (97) 9415 (95) 1.74 [1.36, 2.27] 

Parent's highest social class (i. unskilled) 126 (6) 251 (3) Ref 

 ii skilled manual or non-manual 685 (31) 1949 (21) 0.70 [0.56, 0.88] 

 iii. managerial and technical 1093 (50) 5146 (55) 0.42 [0.34, 0.53] 

 iv. professional 283 (13) 2034 (22) 0.28 [0.22, 0.36] 

Housing tenure (owned/mortgaged) 1955 (89) 7925 (70) 3.60 [3.13, 4.16] 

Mother's tobacco use (yes) 274 (13) 3090 (28) 0.37 [0.33, 0.43] 

Mother's education (< O level) 287 (13) 3468 (34) Ref 

 O level 715 (32.7) 3611 (35) 2.39 [2.07, 2.77] 

 > O level 1185 (54.18) 3222 (31) 4.44 [3.87, 5.10] 

Head injury (yes) 192 (9) 585 (7) 1.35 [1.14, 1.60] 

    M (SD) M (SD) b [95 CI] 

Mother's age 29.8 (5.0) 27.7 (5.0) 2.16 [1.94, 2.38] 

IQ at 15 97.9 (12.6) 91.6 (12.8) 6.24 [5.53, 6.94] 
 

Note. Mother’s education: <O level indicating no qualification; O level: indicating completion of school examinations at age 16; and >O level: indicating 
completion of college or university education at or after age 18. Head injury: any loss of consciousness or broken skull between the ages of 0 and 16 years. 
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Appendix C. Cross-sectional and prospective associations of depression and anxiety with emotion recognition total hits (complete cases, Chapter 2). 

 
Note. Model 1: Adjusted for participant sex, ethnicity, housing tenure, parent’s highest social class, mother’s age at birth, mother’s tobacco use in pregnancy, mother’s 
highest education level; Model 2: additionally adjusted for IQ at age 15 and head injury by age 16; Model 3: additionally adjusted for concurrent anxiety or depression 
at time of exposure. 
 

  

    Unadjusted Model 1 Model 2 Model 3 
 

Exposure b [95% CI] p b [95% CI] p b [95% CI] p b [95% CI] p 

Cross-sectional 
(n = 2,187)  

Depression 0.40 [-0.69, 1.49] .470 0.32 [-0.75, 1.40] .555 0.25 [-0.80, 1.29] .645 0.34 [-0.89, 1.57] .589 

Anxiety 0.53 [-0.45, 1.52] .287 0.31 [-0.67, 1.28] .537 0.00 [-0.95, 0.95] .998 -0.16 [-1.28, 0.96] .778 

Prospective 
(n = 1,855) 

Depression 1.28 [-0.03, 2.60] .057 1.15 [-0.16, 2.45] .085 1.12 [-0.14, 2.38] .083 0.81 [-0.59, 2.20] .256 

Anxiety 1.19 [-0.04, 2.41] .058 1.00 [-0.21, 2.21] .107 1.00 [-0.17, 2.18] .095 0.68 [-0.61, 1.98] .300 
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Appendix D. Cross-sectional associations of anxiety and depression with emotion-specific hit rate (complete cases, Chapter 2). 
 
    Unadjusted Model 1 Model 2 Model 3 

Emotion Exposure b [95% CI] p b [95% CI] p b [95% CI] p b [95% CI] p 

Happy Depression -0.33 [-0.64, -0.02] .037 -0.39 [-0.69, -0.08] .014 -0.39 [-0.70, -0.08] .014 -0.14 [-0.50, 0.22] .451 

  Anxiety -0.37 [-0.65, -0.10] .008 -0.49 [-0.77, -0.21] .001 -0.50 [-0.78, -0.22] .001 -0.43 [-0.76, -0.10] .010 

Sad Depression 0.53 [0.22, 0.83] .001 0.55 [0.25, 0.85] .000 0.53 [0.23, 0.82] .001 0.52 [0.17, 0.87] .004 

  Anxiety 0.33 [0.06, 0.61] .018 0.34 [0.06, 0.61] .016 0.26 [-0.01, 0.53] .061 0.01 [-0.31, 0.33] .953 

Anger Depression -0.03 [-0.38, 0.32] .856 -0.03 [-0.38, 0.32] .856 -0.05 [-0.39, 0.29] .765 -0.05 [-0.45, 0.35] .801 

  Anxiety 0.07 [-0.25, 0.38] .674 0.05 [-0.26, 0.37] .735 -0.03 [-0.34, 0.29] .872 0.00 [-0.37, 0.37] .997 

Disgust Depression 0.04 [-0.28, 0.36] .814 0.01 [-0.31, 0.33] .954 0.00 [-0.32, 0.31] .981 -0.08 [-0.45, 0.29] .675 

  Anxiety 0.19 [-0.10, 0.47] .202 0.14 [-0.15, 0.43] .337 0.09 [-0.20, 0.38] .527 0.13 [-0.21, 0.47] .448 

Surprise Depression -0.13 [-0.34, 0.09] .251 -0.13 [-0.35, 0.08] .230 -0.13 [-0.35, 0.09] .235 -0.15 [-0.40, 0.11] .258 

  Anxiety -0.03 [-0.22, 0.16] .758 -0.04 [-0.24, 0.16] .685 -0.04 [-0.24, 0.15] .669 0.03 [-0.20, 0.26] .817 

Fear Depression 0.32 [-0.16, 0.80] .190 0.32 [-0.16, 0.79] .198 0.29 [-0.18, 0.77] .224 0.23 [-0.32, 0.79] .409 

  Anxiety 0.35 [-0.08, 0.79] .112 0.30 [-0.13, 0.74] .175 0.22 [-0.22, 0.65] .327 0.10 [-0.40, 0.61] .690 
 

 
Note. n = 2,187. Model 1: Adjusted for participant sex, ethnicity, housing tenure, parent’s highest social class, mother’s age at birth, mother’s tobacco use in pregnancy, 
mother’s highest education level; Model 2: additionally adjusted for IQ at age 15 and head injury by age 16; Model 3: additionally adjusted for concurrent anxiety or 
depression at time of exposure (age 24). 
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Appendix E. Prospective associations of anxiety and depression with emotion-specific hit rate (complete cases, Chapter 2). 
 
    Unadjusted Model 1 Model 2 Model 3 

Emotion Exposure b [95% CI] p b [95% CI] p b [95% CI] p b [95% CI] p 

Happy Depression -0.18 [-0.55, 0.20] .362 -0.28 [-0.66, 0.09] .141 -0.28 [-0.66, 0.09] .140 -0.21 [-0.63, 0.20] .312 

  Anxiety -0.15 [-0.50, 0.19] .386 -0.24 [-0.59, 0.11] .182 -0.24 [-0.59, 0.11] .185 -0.15 [-0.54, 0.23] .437 

Sad Depression 0.16 [-0.21, 0.53] .399 0.16 [-0.21, 0.53] .388 0.16 [-0.21, 0.52] .395 0.21 [-0.19, 0.61] .294 

  Anxiety -0.01 [-0.36, 0.33] .934 -0.03 [-0.38, 0.31] .845 -0.04 [-0.38, 0.30] .809 -0.13 [-0.50, 0.25] .508 

Anger Depression 0.06 [-0.37, 0.49] .781 0.08 [-0.35, 0.51] .713 0.07 [-0.34, 0.49] .733 0.02 [-0.44, 0.48] .923 

  Anxiety 0.12 [-0.27, 0.52] .539 0.12 [-0.28, 0.51] .555 0.12 [-0.27, 0.51] .548 0.11 [-0.32, 0.54] .615 

Disgust Depression 0.42 [0.03, 0.81] .035 0.37 [-0.02, 0.76] .060 0.37 [-0.02, 0.76] .061 0.18 [-0.25, 0.60] .419 

  Anxiety 0.54 [0.18, 0.09] .003 0.49 [0.13, 0.85] .008 0.50 [0.14, 0.85] .007 0.43 [0.03, 0.82] .035 

Surprise Depression 0.16 [-0.10, 0.42] .227 0.15 [-0.11, 0.41] .249 0.15 [-0.11, 0.41] .252 0.17 [-0.11, 0.46] .235 

  Anxiety 0.02 [-0.22, 0.26] .865 0.02 [-0.22, 0.26] .878 0.02 [-0.22, 0.26] .868 -0.05 [-0.31, 0.22] .726 

Fear Depression 0.66 [0.07, 1.25] .028 0.66 [0.07, 1.25] .028 0.65 [0.07, 1.23] .028 0.44 [-0.20, 1.07] .181 

  Anxiety 0.67 [0.13, 1.22] .016 0.64 [0.09, 1.18] .021 0.65 [0.11, 1.18] .019 0.48 [-0.12, 1.07] .116 
 

 
Note. n = 1,855. Model 1: Adjusted for participant sex, ethnicity, housing tenure, parent’s highest social class, mother’s age at birth, mother’s tobacco use in pregnancy, 
mother’s highest education level; Model 2: additionally adjusted for IQ at age 15 and head injury by age 16; Model 3: additionally adjusted for concurrent anxiety or 
depression at time of exposure (age 18).  
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Appendix F. Study 1 interaction of training condition and age on study outcomes (Chapter 5). 

    
 

Emotional Bias (BP) Daily Stress (DSI-AIR) Effort for Reward 
(EEfRT) 

Quality of Life (QLES) 

Time Model n b [95% CI] p b [95% CI] p b [95% CI] p b [95% CI] p 
           

Post-
Training 
(Session 4) 

Stratum specific 
         

Younger  268 2.8 [2.4, 3.2] <.001 -0.12 [-0.28, 0.05] .160 0.04 [-0.02, 0.10] .201 0.51 [-1.88, 2.90] .676 

Older 254 2.4 [2.0, 2.8] <.001 0.06 [-0.11, 0.22] .506 -0.02 [-0.07, 0.03] .424 0.52 [-1.82, 2.85] .662 

Interaction 522 -0.3 [-0.9, 0.2] .214 0.16 [-0.06, 0.39] .160 -0.05 [-0.13, 0.03] .217 -0.25 [-3.54, 3.03] .878 
          

Follow-Up 
(Session 5) 

Stratum specific 
       

 
Younger  268 2.1 [1.7, 2.4] <.001 -0.12 [-0.31, 0.08] .238 0.04 [-0.02, 0.11] .187 -1.77 [-4.34, 0.80] .177 

 
Older 254 2.0 [1.6, 2.3] <.001 0.07 [-0.10, 0.23] .441 0.01 [-0.04, 0.07] .655 -1.03 [-3.59, 1.52] .426 

  Interaction 522 -0.0 [-0.6, 0.5] .925 0.16 [-0.09, 0.41] .211 -0.02 [-0.11, 0.06] .606 0.12 [-3.45, 3.69] .947 

 
Note. BP: Balance Point, DSI-AIR: Daily Stress Inventory (Average Impact Rating), EEfRT: Effort Expenditure for Rewards Task, QLES: Quality of Life Enjoyment 
and Satisfaction Questionnaire (short form). Younger and older strata created by median split (older > 32 years). All models adjusted for baseline measure of 
outcome and participant sex.  
 

 
 




