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1. Introduction 

Although estimates differ based on the criterion and analytic approach used, high levels of test anxiety have been found in 10%– 
30% of secondary school students (ages 15–18 years) in the UK and US (Putwain, 2020; Putwain & Daly, 2014; von der Embse et al., 
2014). Furthermore, meta-analyses (e.g., Hembree, 1988; von der Embse et al., 2018) and longitudinal designs that control for prior 
achievement (e.g., Putwain et al., 2015; Putwain et al., 2020) have indicated that higher levels of test anxiety are associated with lower 
achievement. Previous studies have shown that highly test anxious students also report higher scores on indicators of anxiety disorder 
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symptoms including generalized anxiety disorder (GAD) and panic disorder (PD; e.g., Weems et al., 2010). In addition, highly test 
anxious children and adolescents often meet diagnostic thresholds for anxiety disorders including social phobia (Herzer et al., 2014), 
now referred to as social anxiety disorder, and GAD (Beidel et al., 1994). 

Test anxiety also correlates negatively with subjective wellbeing at school (Putwain et al., 2021). From the perspective of the Dual 
Factor Model of Mental Health (DFM; Suldo & Shaffer, 2008), wellbeing and the presence of psychopathology (i.e., internalizing and 
externalizing disorders) may be considered separate indicators of complete mental health. That is, someone may exhibit severe anxiety 
yet also demonstrate high wellbeing. Understanding how test anxiety, anxiety disorders, and wellbeing are related has important 
conceptual, theoretical, and practical implications. These include (a) identifying the antecedents and risk factors for individuals with 
high test anxiety, symptoms of anxiety disorders, and low wellbeing; and (b) designing and evaluating interventions to promote coping 
skills for those with high anxiety or low wellbeing. In the present study, we adopted a novel approach to evaluating these relationships 
in a sample of secondary school students through the use of network analysis and also through the use of a latent profile analysis (LPA) 
as a complementary analytic procedure. We begin by defining the key constructs used in the present study, including test anxiety, 
anxiety disorders, and school-related wellbeing. 

1.1. Test anxiety 

Test anxiety refers to an enduring individual difference in the tendency to appraise performance-evaluative situations as threat-
ening (Spielberger & Vagg, 1995). In this respect, test anxiety is considered a situation-specific trait and highly test anxious persons 
will show elevated levels of state anxiety in evaluative, but not in non-evaluative, situations (Bertrams et al., 2010; Endler & Kocovski, 
2001; Lotz & Sparfeldt, 2017; Segool et al., 2013). Test anxiety is widely considered to be multidimensional and as comprising 
theoretically distinct, yet empirically related, cognitive and affective-physiological components (Zeidner, 2007, 2014). In the present 
study, we adopted a higher-order model comprising two lower-order cognitive factors, namely worry and cognitive interference, and 
two lower-order affective-physiological factors, namely tension and physiological indicators of anxiety (Putwain et al., 2021). Worry 
refers to self-focused thoughts concerning failure and its consequences and cognitive interference refers to difficulty in memory and 
concentration. Tension refers to unpleasant feelings associated with anxiety, such as panic, and physiological indicators refers to the 
perception of autonomic arousal, such as a racing heart rate (see Table 2 for a full list of items corresponding to these components of 
test anxiety). 

1.2. Anxiety disorders 

The label “anxiety disorders” refers to a group of disorders characterized by a level of fear or anxiety that is excessive relative to the 
situation a person is in and that hinders one’s typical level of functioning (Anthony et al., 2008). In the most recent version of the 
Diagnostic and Statistical Manual of Mental Disorders (DSM-5; American Psychiatric Association, 2013), six types of anxiety disorders 
were described, including (a) generalized anxiety disorder, (b) panic disorder, (c) specific phobia, (d) agoraphobia, (e) social anxiety 
disorder, and (f) separation anxiety disorder. Test anxiety is not considered as a discrete anxiety disorder in the DSM-5 or the 11th 
edition of the World Health Organization’s Classification of Diseases (2018). LeBeau et al. (2010) concluded in a review of recom-
mendations for the DSM-5 that there was insufficient evidence to differentiate test anxiety from GAD and social phobia (subsequently 
referred to as social anxiety disorder in DSM-5) or to categorize test anxiety as a specific phobia different than any other type of anxiety 
disorder. Consequently, more research is required to unravel how test anxiety is related to, or differentiable from, anxiety disorders. 

In the present study we focused on GAD and PD for three reasons. First, of the aforementioned anxiety disorders, indicators of test 
anxiety map most clearly onto GAD (worry) and PD (physiological indicators). GAD and PD are therefore highly relevant anxiety 
disorders to investigate alongside test anxiety. Second, similar to test anxiety, GAD and PD entail an environmental stimulus or 
referent, although PD can also occur without such a stimulus or referent. Third, to date no studies have examined test anxiety in 
relation to DSM-5 anxiety disorders. Thus, to have relevance to studies (described below) that considered test anxiety in relation to 
earlier iterations of the DSM, we focused on two anxiety disorders present in the DSM from 1980 onwards (Crocq, 2017; Nardi & Balon, 
2020). 

1.3. School-related wellbeing 

Wellbeing is an omnibus term that can refer to objective indicators such as household income, access to resources, and health status 
(e.g., OECD, 2017), or subjective indicators such as perceived life satisfaction and a balance of positive over negative affect (e.g., 
Diener et al., 2003). In the present study, we align with the latter approach. Subjective wellbeing refers to global judgments about one’s 
life in general or to specific elements of one’s life such as school (Diener et al., 2018; Hascher, 2010). This is especially the case for 
children and adolescents (the focal sample of the present study) for whom school occupies a central place in their lives. Accordingly, 
we chose to focus specifically on subjective wellbeing at school (school-related wellbeing). School-related wellbeing is defined as the 
overall balance between negative and positive aspects of school life (Hascher, 2003, 2008). Numerous studies have highlighted the 
benefits of greater school-related wellbeing, including higher achievement (Bucker et al., 2018), fewer instances of poor behavior 
(Putwain et al., 2020), and greater academic perseverance (Renshaw et al., 2015). Notwithstanding the lack of consistency in the 
definition and measurement of wellbeing, the aforementioned studies broadly highlight the benefits of higher subjective and school- 
related wellbeing for beneficial outcomes at school. 

                    



                                      

  

1.4. Are anxiety disorders related to test anxiety? 

Having defined the key constructs in our study (i.e., test anxiety, anxiety disorders, and school-related wellbeing) we next consider 
whether test anxiety could be related to anxiety disorders. Several studies have shown that some highly test anxious individuals meet 
criteria for anxiety disorders as determined through a diagnostic interview. Specific to the DSM-III (American Psychiatric Association, 
1980), highly test anxious children in Grades 3–6 grade met criteria for social phobia (i.e., social anxiety disorder in DSM-5), over-
anxious disorder (i.e., GAD in DSM-5), specific phobia, and separation anxiety disorder, relative to low test anxious children (Beidel & 
Turner, 1988). In relation to the DSM-III-R (American Psychiatric Association, 1985), highly test anxious children (M age 10.3 years) 
met criteria for social phobia, overanxious disorder, and simple phobia (Beidel et al., 1994), and highly test anxious adolescents 
(Grades 9–10) met criteria for social phobia, simple phobia, and overanxious disorder (King et al., 1995). More recently, Herzer et al. 
(2014) reported that highly test anxious undergraduate students and adults taking vocational examinations (ages 20–33 years) met 
DSM-IV-TR (American Psychiatric Association, 2000) criteria for specific or social phobia. 

Furthermore, highly test anxious adolescents (i.e., those reporting above a certain threshold on a continuous scale) have reported 
higher scores for indicators of anxiety disorders than their low test anxious counterparts (i.e., those reporting below a certain threshold 
on a continuous scale). In a sample of adolescents in Grades 9–10, King et al. (1995) showed that highly test anxious persons reported 
higher total scores (ds = 0.90–1.67) on the Revised Children’s Manifest Anxiety Scale ([RCMAS] Reynolds & Richmond, 1978; 
measures physiological anxiety, worry, and social concerns). In a sample of children and adolescents in Grades 4, 7, and 10, Warren 
et al. (1996) indicated that highly test anxious children and adolescents reported higher physiological anxiety, worry, and social 
concerns based on RCMAS subscale scores (ds = 0.72 to 2.67). Using the Revised Children’s Anxiety and Depression Scales (RCADS; 
Chorpita et al., 2005), Weems et al. (2010) found high scores on the generalized anxiety, specific phobia, separation anxiety, and PD 
subscales (ds = 0.71 to 0.95) in their sample of students in Grades 4–8. 

The aforementioned studies have used different criteria on which to establish high test anxiety on a continuous scale. For example, 
Herzer et al. (2014) used test anxiety scores ≥66th scale percentile as a cut-off. This is an internal criterion-referenced approach and 
refers to the point at which participants move from reporting test anxiety from often to always. By comparison, King et al. (1995) used a 
norm-referenced approach (the ≥5% distribution of test anxiety scores) to establish high test anxiety.1 Despite these differences, these 
findings provide convincing evidence of an overlap between higher test anxiety scores and anxiety disorders. 

1.5. Test anxiety, anxiety disorders, and network analysis 

There are two possible ways that test anxiety and anxiety disorders could be related. First, test anxiety and anxiety disorders can 
represent distinct types of anxiety, while still overlapping. This is analogous to the comorbidity typically found among the different 
categories of anxiety and mood disorders (e.g., Hankin et al., 2016). We refer to this as the test anxiety as distinct but related approach. 
Second, rather than being discrete constructs, test anxiety may be a manifestation, or an indicator, of one or more anxiety disorders 
(LeBeau et al., 2010). We refer to this as the test anxiety as an indicator approach. As the aforementioned studies indicate, test anxiety 
may be related to (using DSM-5 terminology) GAD, simple phobia, PD, social anxiety disorder, specific phobia, and separation anxiety 
disorder. Furthermore, test anxiety is not consistently related more strongly to any one specific category of anxiety disorder over any 
other. 

Both approaches (i.e., test anxiety as distinct but related or as an indicator of anxiety disorders) assume a categorical diagnostic 
paradigm where different types of anxiety disorder can be established based on symptomology that reflects distinct antecedents, 
mechanisms, and risks (Berenbaum, 2013; Kendell & Jablensky, 2003). The ubiquitous comorbidity among anxiety and mood dis-
orders, indicating shared pathology, has presented significant challenges to the validity of a categorical diagnostic approach (Car-
ragher et al., 2015; Uher & Rutter, 2012) and calls into question the consequential validity of a unidimensional measurement 
approach. Furthermore, the categorical approach to diagnosis has been criticized for failing to account for variation between persons in 
the severity and duration of symptomology and response to treatment (Möller et al., 2014). The DSM-5 includes a dimensional 
component to allow for the assessment of symptom profiles but still assumes the presence of discrete anxiety disorders. 

A relatively recent and novel alternative to the categorical diagnostic paradigm is Network Theory to Psychopathology (NT). NT is 
rooted in critiques of the traditional categorical diagnostic approach to mental disorders for failing to identify common etiological 
mechanisms for mental disorders. The position of NT is that such mechanisms are not found because they do not exist (Borsboom, 
2017a; Fried et al., 2017). Instead, NT suggests that rather than the various symptoms of a mental disorder reflecting the effects of an 
underlying physiological and cognitive cause, the symptoms of mental disorders cause each other. In GAD, for instance, excessive 
worry could lead to irritability and impaired concentration. The same approach can be applied to trait anxiety in that disturbing 
thoughts can lead to feeling tense and feelings of failure can lead to self-depreciation (Heeren et al., 2018). 

We are mindful that many colleagues in the fields of school and educational psychology may not be familiar with NT and next we 
introduce some of the key terms used by NT. In the parlance of NT, symptoms (i.e., indicators) are referred to as nodes and causal 
relations between nodes as edges. Networks of nodes that are densely and closely connected, but sparsely connected with others, are 
referred to as a community. Symptoms (i.e., indicators) of GAD would therefore be expected to form a community, PD symptoms or 

1 King et al. (1995) measured test anxiety using the Test Anxiety Scale for children (TASC; Sarason et al., 1958). The TASC uses dichotomous (yes/ 
no) responses for 30 items to provide a score with a possible range of 0–30. King et al. (1995) reported M = 11.15 (SD = 6.53) TASC scores. A TASC 
score ≥ 5% (z = 1.64) was 21.9 (M = z × SD). 

                    



                                      

  

indicators form another (adjacent) community, and likewise for other anxiety disorders. Nodes within a community will exert a greater 
mutual causal influence and thus activation within that community spreads more rapidly and freely than to nodes from adjacent 
communities. 

Thus, activation of a GAD node would spread more readily to other GAD nodes than to PD nodes. Nodes that spread activation from 
one community (e.g., GAD) to another (e.g., PD) are referred to as bridge nodes. Conditions that activate, or deactivate, one or more 
nodes from outside the network is the external field. These can be internal (e.g., chronic pain) or external (e.g., environmental stressors) 
to the person. Comorbidity, from the perspective of NT, arises from mutual interactions between bridge nodes that spread network 
activation through different communities of symptoms. 

To summarize, NT holds two central premises (Borsboom, 2017a; Fried et al., 2017). First, symptoms of anxiety disorders, and 
those of other mental disorders, exist in related networks. For instance, GAD would be represented as one network of symptoms, PD as 
another (related) network of symptoms, and so on. Second, symptoms exert a causal influence over other symptoms within a network. 
If one symptom becomes activated (e.g., a feeling of dread about something bad happening to oneself), it will result in other symptoms 
within the network also becoming activated (e.g., excessive worry about something bad happening to one’s family members). 
Symptom networks operate as recursive feedback loops; once activated, symptoms keep others within the same network activated. 
These reciprocal links in the network are somewhat analogous to the way an echo chamber can reinforce and amplify sound. Rather 
than symptoms being manifestations of a latent disorder, from the perspective of NT, the network of activated symptoms represents 
what is commonly recognized as a mental disorder. For further introduction of NT, see Borsboom (2017b) and Cramer et al. (2010). 

To illustrate the use and benefits of NT in more detail, we next consider two empirical examples of applying NT to the study of 
anxiety. First, to examine how the different elements of trait anxiety could influence one other, Heeren et al. (2018) performed a 
network analysis on responses to a well-established anxiety measure (i.e., State-Trait anxiety Inventory Y form [STAI-T]; Spielberger 
et al., 1983) in a community sample of adults (ages 18–74 years). Nodes (i.e., indicators of trait anxiety; participants’ responses to 
individual STAI-T items) were represented as one single coherent community rather than as two or more related communities. 
However, within this network not all nodes were found to be equally influential. Nodes representing the presence of intrusive thoughts 
and not being able to forget about disappointments were central to the network in that (a) they showed a comparatively greater 
number of edges to other nodes within the network, (b) they showed stronger edges to other nodes within the network, and (c) when 
represented graphically, were placed at the center of the network rather than at the periphery. Traditional views of trait anxiety 
consider variance in STAI-T items as pointing to the presence of an underlying anxiety trait. However, this network analysis showed 
how trait anxiety can be alternately represented as a network of mutually interacting STAI-T nodes. Recourse to a latent underlying 
construct response for influencing STAI-T items is not necessarily required. 

In a second example, Heeren et al. (2018) used NT with the Liebowitz Social Anxiety Scale (LSAS; Heeren et al., 2012; Liebowitz, 
1987) and the Beck Depression Inventory (BDI-II; Beck et al., 1996), to examine comorbidity in a sample of 174 persons with a 
diagnosis of SAD. Two distinct communities emerged with one comprised of SAD nodes (i.e., responses to individual LSAS items) and 
one comprised of depression nodes (i.e., responses to individual BDI-II items). Specific nodes emerged as bridge nodes to link the two 
communities of SAD and depression nodes. For SAD, the bridge nodes were ‘avoiding parties’, ‘participating in small groups’, and ‘fear 
of being observed working’. Activation of these SAD bridge nodes could result in activation of the depression community. For 
depression, the bridge nodes were ‘suicidal ideation’, ‘loss of interest’, and ‘loss of pleasure’. Activation of these depression bridge 
nodes would result in activation of the SAD community. This network analysis showed how the co-occurrence of two related disorders 
can be a feature of bridge nodes in one network exerting a causal link on nodes in an associated network. A common cause or 
mechanism, the traditional view of comorbidity, is not necessarily required. 

NT offers a promising theoretical and analytic approach with which to examine relations between indicators of anxiety disorders 
and test anxiety. Traditional factor-analytic approaches that treat latent constructs as the cause of covariance between observed in-
dicators cannot identify how the different structural elements of a construct (i.e., indicators) can interact as a network or if specific 
indicators, or nodes, are influential within a network or bridge different networks. 

No studies, to date, have utilized NT for this specific purpose. Furthermore, the aforementioned studies using NT to examine 
anxiety along with others (e.g., Heeren et al., 2020; Heeren & McNally, 2018) focused on adult samples. No studies, thus far, have used 
NT to examine anxiety in school-aged students. When indicators of test anxiety, GAD, and PD are conceptualized as nodes in an 
interacting network, it is possible to examine if they are represented as distinct or related communities, how nodes are connected, 
whether specific nodes emerge as more central to a community relative to others, and if there are any bridge nodes that link com-
munities. Identification of influential nodes within a network may be useful for intervention to target as reducing activation in 
particularly influential nodes should help to more efficiently reduce activation across an entire network. In addition, the identification 
of bridge nodes may provide insight into transdiagnostic assessment of anxiety. 

1.6. Dual factor model of mental health 

The premise of the Dual Factor Model (DFM: Greenspoon & Saklofske, 2001; Suldo & Shaffer, 2008) is that low subjective wellbeing 
cannot be inferred solely from the presence of psychopathology (i.e., the presence or absence of internalizing or externalizing dis-
orders), or vice versa. Psychopathology may substantially contribute to negative affect and low life satisfaction. However, as subjective 
wellbeing refers to an overall judgment of the positive and negative elements of one’s life, there may be factors (e.g., the presence of 
supporting and trusting relationships and high self-esteem) that contribute to higher subjective wellbeing even in the presence of 
psychopathology. Accordingly, Suldo and Shaffer (2008) proposed a typology of mental health based on two dimensions, including (a) 
subjective wellbeing: low (≤30th percentile) vs. average/high (>30th percentile); and (b) psychopathology: low (<70th percentile) vs. 

                    



                                      

  

elevated (≥70th percentile). 
In a sample of 349 students ages 10–16 years, Suldo and Shaffer (2008) found that 57% of the sample showed average/high 

subjective wellbeing and low levels of psychopathology and were described as having complete mental health, 13% showed low sub-
jective wellbeing and low levels of psychopathology and were described as vulnerable, 17% showed low subjective wellbeing and 
elevated levels of psychopathology and were described as troubled, and 13% showed average/high subjective wellbeing and elevated 
levels of psychopathology and were described as symptomatic but content. As expected, the best academic, health, and social outcomes 
were observed in the complete mental health group. Notably, the symptomatic but content group showed fewer social problems with 
classmates, parents, and teachers, and reported better physical health than the troubled group, thereby supporting the proposition that 
positive elements of one’s life can alleviate some of the negative aspects resulting from psychopathology (e.g., Suldo & Shaffer, 2008; 
also see Magalhães & Calheiros, 2017; Rose et al., 2017). 

The two-dimensional typology has been confirmed in independent studies of samples of children and adolescents using the cut- 
score approach (Antaramian et al., 2010; Lyons et al., 2012; Smith et al., 2020; Suldo et al., 2016; Thayer et al., 2021; Xiong et al., 
2017) and undergraduates (Antaramian, 2015; Eklund et al., 2011; Magalhães & Calheiros, 2017; Renshaw & Cohen, 2014) using a 
range of different measures of subjective wellbeing, indicators of psychopathology, and outcomes, albeit with different labels applied 
to the groups in some of the studies (Eklund et al., 2011; Renshaw & Cohen, 2014). Furthermore, the two-dimensional typology of 
mental health has also been confirmed in studies of children and adolescents using LPA (Rose et al., 2017; Thayer et al., 2021). 

Despite the different instruments and analytic approaches used in these aforementioned studies to establish dimensions of sub-
jective wellbeing and psychopathology, there appears to be a degree of consistency. Reassuringly, the largest group in samples of 
typical children, adolescents, and undergraduates was the group showing complete mental health (47%–78% of participants). The 
vulnerable (7%–26%), troubled (9%–21%), and symptomatic but content (4%–20%) groups showed smaller proportions of their 
respective samples.2 However, not all studies using LPA have found the four groups predicted by the DFM. In a study of secondary 
school students in Grades 9–11, Moore et al. (2019) found groups of complete mental health, symptomatic but content, and troubled 
students, but no vulnerable group. A fourth profile of students was identified comprising of average-high wellbeing and low distress; this 
group was termed moderately mentally healthy. In a sample of primary school children ages 8–9 years, Petersen et al. (2020) identified 
complete mental health, vulnerable, and two symptomatic but content (one characterized by higher externalizing symptoms, and the other 
by higher internalizing symptoms) groups, but no troubledgroup. 

Given the central role of tests and examinations as forms of educational assessment (e.g., Baird, 2018), the relatively high pro-
portion of school-aged students identified as highly test anxious in UK and US samples (e.g., Putwain, 2020; Putwain & Daly, 2014; von 
der Embse et al., 2014), and the aforementioned links with anxiety disorders, test anxiety would seem to be highly relevant to the 
assessment of mental health of school-age populations. Although conceptualized as habitual, test anxiety is consistent with the core 
propositions of the DFM. Without intervention, anxiety and other internalizing disorders (i.e., indicators of psychopathology) tend to 
be long-lasting (e.g., Garber & Weersing, 2010), and subjective wellbeing should be influenced by stable personality traits and hence 
rather stable over time (e.g., Anglim et al., 2020). 

No studies, thus far, have examined the DFM in relation to test anxiety. As anxiety disorders show high levels of comorbidity (e.g., 
Carragher et al., 2015; Uher & Rutter, 2012), and high levels of test anxiety co-occur with anxiety disorders (e.g., Herzer et al., 2014; 
Weems et al., 2010), we would not expect the DFM profiles to be differentiated by the type of anxiety. Rather, in keeping with the 
principles of NT and the activation of associated networks, the different forms of anxiety would co-occur. Studies have shown, 
however, that test anxiety is negatively correlated with subjective and school-related wellbeing in samples of adolescents (Hascher, 
2007; Putwain, Loderer, et al., 2020) and undergraduates (Lin & McKeachie, 1971; Steinmayr et al., 2016). 

However, the overall negative relation between test anxiety and subjective or school-related wellbeing may, from the perspective of 
the DFM, obscure possible subgroups comprised of high test anxiety and high subjective or school-related wellbeing (i.e., symptomatic 
but content, where positive elements of one’s life alleviate the negatives resulting from high test anxiety) and low test anxiety and low 
subjective or school-related wellbeing (i.e., vulnerable, where despite the absence of test anxiety, other elements of one’s life contribute 
to low wellbeing). This has important implications for practitioners involved in the assessment of mental health in school-aged 
populations regarding potentially missing the vulnerable and symptomatic but content groups who show significantly poorer educa-
tional, health, and social outcomes than the complete mental health groups (e.g., Antaramian et al., 2010; Lyons et al., 2012; Suldo et al., 
2016). 

The vulnerable and symptomatic but content groups may have different requirements for support from troubled groups and also 
respond positively to different and less intensive interventions (Doll et al., 2021; Rose et al., 2017). Irrespective of which perspective is 
adopted to conceptualize how test anxiety and anxiety disorders are related (i.e., test anxiety as distinct but related or indicator), the 
presence of high test anxiety would likely contribute to elevated psychopathology and be considered as an indicator of the psycho-
pathology dimension of the aforementioned two-dimensional typology adopted by DFM. 

1.7. Aim of the present study 

The aim of the present study was to examine how test anxiety, two anxiety disorders (i.e., GAD and PD), and school-related 
wellbeing were related in a sample of secondary school students. The study was designed to offer insights into (a) the 

2 Excluding Magalhães and Calheiros (2017) who studied a non-typical sample (children ages 11–18 years in foster care). 

                    



                                      

  

conceptualization of mental health; (b) whether test anxiety is distinct from, or an indicator of, GAD, and PD; (c) whether psycho-
pathology (i.e., test anxiety, GAD, and PD) is distinct from school-related wellbeing; and (d) whether specific symptoms of GAD and PD 
and indicators of test anxiety and school-related wellbeing are particularly influential within a network (i.e., to spread activation 
throughout test anxiety, school-related wellbeing, GAD, and PD) or to bridge communities. To address this aim, we used two com-
plimentary analytic approaches, namely network analysis and latent profile analysis (LPA). 

Network analysis is a variable-centered analytic approach used to empirically address questions posed by a NT approach. Nodes, 
edges, and communities were represented graphically and two numerical centrality metrics (i.e., one-step and two-step expected 
influence indices) were used to assess if one or more nodes occupied influential roles with networks (Fortunato, 2010; Newman, 2006). 
These terms associated with network analysis are explained below in the section entitled “Analytic Approach”. 

Using network analysis, we addressed two research questions. First, we examined whether test anxiety, GAD, PD, and school- 
related wellbeing are best represented as a combined network or as distinct communities. In DFM, indicators of elevated psychopa-
thology and wellbeing are considered as distinct dimensions. Accordingly, in the network analysis we expected that school related 
being nodes would be represented as a distinct community of test anxiety, GAD, and PD nodes. In the absence of definitive theorizing or 
evidence, we left open the question of how test anxiety, GAD, and PD are related (i.e., test anxiety as distinct but related or indicator). 
Second, we examined how nodes were related and whether any bridge nodes emerged to link communities and whether there were any 
nodes particularly influential in the network (i.e., nodes that are closely and densely linked to many others). Although previous studies 
have shown that high test anxiety is linked to anxiety disorders, including GAD and PD (e.g., King et al., 1995; Weems et al., 2010), it is 
not clear whether this is a result from distinct communities with strong node connections or indicators of test anxiety and anxiety 
disorders cohering as a single network. In relation to the first research question we tested the following hypothesis: 

Hypothesis 1. School-related wellbeing is distinct to test anxiety, GAD, and PD in communities of nodes. 

LPA is a person-centered approach used to identify internally homogenous groups based on data characteristics (Berlin et al., 2013) 
and has become an increasingly popular approach to identifying profiles of mental health risk and strength in children and adolescents 
(Petersen et al., 2019). LPA offers distinct advantages over the cut-score approach typically used in DFM studies whereby the similarity 
between persons scoring on either side of a pre-determined threshold can contribute to spurious group membership and inflate group 
heterogeneity (Dowdy & Kamphaus, 2007). 

Using LPA, we addressed a second research question: Do homogenous profiles emerge based on test anxiety, school-related 
wellbeing scores, GAD, and PD? There is substantial support for the two-dimensional typology of mental health proposed by Suldo 
and Shaffer (2008) based on dimensions of subjective wellbeing and psychopathology (e.g., Antaramian, 2015; Antaramian et al., 
2010; Lyons et al., 2012; Suldo et al., 2016). Accordingly, we expected to find similar profiles based on low vs. average/high subjective 
wellbeing and based on low vs. elevated psychopathology to those found in existing studies. However, we were open to the possibility 
that LPA might identify additional categories that may be based on a more refined distinction of the dimensions than found in the cut- 
score approach used by the majority of DFM studies. Based on the DFM, we tested the following hypothesis: 

Hypothesis 2. The existence of profiles will be found that represent sub-groups characterized as complete mental health, vulnerable, 
troubled, and symptomatic but content. 

2. Method 

2.1. Participants and procedure 

Data from a convenience sample of 918 participants with a mean age of 15.77 years (SD = 1.13) were collected from one Welsh and 
seven English secondary schools. The sample consisted of 217 male students, 694 female students, and seven students who did not 
disclose their gender; two of the participating schools were girls’ only schools, thereby accounting for the gender-biased sample. The 
ethnic heritage of the sample was comprised of students who reported Asian (n = 29), Black (n = 48), White (n = 802), dual heritage (n 
= 21), and Other (n = 18) backgrounds. A total of 145 students were eligible for free school meals, which was considered a proxy for 
low socio-economic status (SES). 

Data were collected in a single wave using a web-based survey tool in October and November 2019, which is considered the latter 
half of the autumn term for English and Welsh schools. A liaison teacher in each school distributed the survey link to participants, 
explained key points about the ethics (i.e., anonymity, consent, and how to withdraw data retrospectively), and read instructions from 
a standardized script (instructions were also included in the survey). The survey link was distributed during a period of the school 
timetable used for registration and administration and so did not interfere with academic study. Participants could withdraw 
participation during data collection by closing the web browser in which case no data were saved. Furthermore, the survey tool 
prompted students to complete any missing responses and thus there were no missing data; furthermore, no participants subsequently 
requested their data to be retrospectively withdrawn. The project was approved by an institutional research ethics committee from the 
first author’s institution and written consent provided by the head teacher at each school. 

2.2. Instruments 

The Multidimensional Test Anxiety Scale (MTAS; Putwain et al., 2021) was used to measure test anxiety. The MTAS contains four 
subscales comprised of four items each, including (a) Worry (e.g., “During a test/exam, I worry that I gave the wrong answers”), (b) 

                    



                                      

  

Cognitive Interference (e.g., “During tests/exams, I find it hard to concentrate”), (c) Tension (e.g., “Just before I take a test/exam, I feel 
panicky”), and (d) Physiological Indicators (e.g., “During a test/exam, I experience stomach discomfort”). Participants responded to 
each item on a 5-point scale (1 = strongly disagree, 3 = neither, and 5 = strongly agree). Putwain et al. (2021) and von der Embse et al. 
(2021) showed excellent internal consistency and construct validity for a higher-order model of MTAS data. In the present study, the 
internal consistency for the MTAS scale total was excellent (see Table 1). 

The Revised Children’s Anxiety and Depression Scale (RCADS; Chorpita et al., 2005) was used to measure symptoms of GAD and 
PD. The GAD subscale consists of six items (e.g., “I worry that something bad will happen to me”) and the PD subscale consists of nine 
items (e.g., “I suddenly feel as if I can’t breathe when there is no reason for this”). Participants responded to each item on a 4-point scale 
(0 = never, 1 = sometimes, 2 = often, and 3 = always). The RCADS is a widely used scale and previous studies have supported the 
unidimensional structure of the GAD and PD subscales and have shown strong internal consistency (e.g., Donnelly et al., 2018; 
Piqueras et al., 2017). In the present study, the internal reliability was also good (see Table 1). 

The 6-item School-Related Wellbeing Scale (SWBS; Loderer et al., 2016) was used to measure subjective wellbeing in the school 
domain. Participants responded to items on a 5-point scale (1 = strongly disagree, 3 = neither, and 5 = strongly agree). The items 
complement existing measures of school satisfaction and reflect overall cognitive appraisals about schooling (e.g., “School is going well 
for me”), positive affect while at school (e.g., “I feel good at school”) and attachment to school (e.g., “I like going to school”). Construct 
validity is supported through strong associations (r = 0.37–0.60) in the expected directions with positive and negative emotions in 
math class (Loderer et al., 2018). Good internal consistency and the unidimensionality of the SRWS have been demonstrated in 
previous studies (e.g., Loderer et al., 2018; Putwain, Loderer, et al., 2020). The internal consistency for the SWBS in the present study 
was excellent (see Table 1). 

2.3. Analytic approach 

2.3.1. Network analysis 
Network analysis was conducted using ‘network tools’ package in R 4.0.3 (Jones, 2017). Network analysis has been frequently used 

to model the interrelation of symptoms of mental disorders in the clinical psychology literature (e.g., Beard et al., 2016; Cramer et al., 
2010) and indicators of personality in the individual differences’ literature (e.g., Costantini & Perugini, 2016; Heeren et al., 2018). 
With one notable exception, namely a study examining relations between achievement goals, intelligence beliefs, and effort beliefs 
(Garnett, 2020), network analysis has been limited to the study of social relationships in the classroom (e.g., Grunspan et al., 2014; 
Sweet, 2016) and has not been widely used in the school and educational psychology literatures. 

To establish a visual representation of the network, a graphical Gaussian model was estimated using the Fruchterman-Reingold 
algorithm (Fruchterman & Reingold, 1991). The graph presents nodes as circles (indicators of test anxiety, school-related well-
being, GAD, and PAD). To facilitate identification, we labelled nodes and used different colors to represent test anxiety (red), school- 
related wellbeing (blue), GAD (yellow), and PD (green). The connections between nodes are represented as edges and a thicker edge 
represents a stronger correlation between the two nodes. Positive relations are represented as blue edges and negative relations as red 
edges. Nodes that are more central and influential to the network can be identified through thicker edges, a greater number of edges, 
and a shorter distance through which edges pass through other nodes to connect nodes within a network. 

Edge weights were estimated using 1000 non-parametric bootstrapped draws. The distance between nodes is represented by the 
shortest average shortest path length, which is the average number of paths to connect one node to another. For comparative purposes, 
the networks were estimated using semi-partial correlations between nodes (whereby small correlations may create network ‘noise’) 
and an approach that shrinks small semi-partial correlations between items to zero (regularized semi-partial correlations) using the 
Least Absolute Shrinkage and Selection Operator (LASSO; Friedman et al., 2008). In LASSO, the balance between (a) a model with 
greater number of, but potentially false-positive (i.e., spurious), edges and (b) a more parsimonious model with potentially true edges 
purged, is controlled by hyperparameter γ. 

Hyperparameter values are typically set between 0 and 0.5. Higher thresholds will reject models based on smaller semi-partial 
correlations and result in a model with fewer edges overall and lower likelihood of these edges being spurious (Epskamp et al., 

Table 1 
Descriptive statistics and bivariate correlations. 

1. 2. 3. 4. 

1. Test Anxiety  –  −0.26  0.62  0.62 
2. School-Related Wellbeing  –  −0.28  −0.33 
3. GAD – 0.80 
4. PD – 
Theoretical Scale Range 16–80 7–35 0–18 0–27 
Observed Scale Range 16–80 7–35 0–15 0–27 
Mean 55.38  23.14  6.24  8.59 
SD 12.22  5.12  3.83  6.85 
McDonald’s ω  0.75  0.90  0.91  0.93 
Skewness  −0.53  −0.69  0.51  0.86 
Kurtosis 0.20 0.43  −0.61  −0.11 
ICC1(ρI) 0.01 0.08 0.01  <0.01 

Note. All correlations statistically significant at p < .001. 

                    



                                      

  

2012; Epskamp et al., 2017). Following the approach used in existing studies (e.g., Beard et al., 2016; Bernstein et al., 2017; Heeren 
et al., 2018), a high threshold was set (γ = 0.50). The aim was for a conservative model with fewer, but more authentic, edges. 
Although networks estimated using regularized semi-partial correlations can appear sparse by comparison to those without, poten-
tially false positive edges are removed. This approach is consistent with the aim of LPA to identify a parsimonious number of ho-
mogenous groups. To check the robustness of the LASSO model at γ = 0.50, we tested networks at several alternative hyperparameter 
values (γ = 0.40 to γ = 0.65). 

The significance of a node to the overall network can be established quantitatively using centrality indices that establish the extent 
to which nodes are more central to the network relative to others (Opsahl et al., 2010). Commonly used centrality indices (i.e., 
betweenness, closeness, and degree) operate by summing edge weights. In networks that contain positive edges only, this is not 
problematic. In networks such as ours where it is expected that school-related wellbeing will be negatively related to test anxiety, GAD, 
and PD, the mixture of positive and negative edges will underestimate centrality (Robinaugh et al., 2016). Accordingly, we used 
Robinaugh et al.’s (2016) one-step (EI1) and two-step (EI2) expected influence indices. 

EI1 is the summed weight of positive and negative edges of each node in the network. Thus, nodes within a network showing 
stronger, and a greater number of, edges will result in a higher EI1 index. However, this approach does not account for the influence of 
neighboring nodes in the network. If a particular test anxiety node (TA1) is connected with only one other test anxiety node (TA2), it 
may not appear to be highly central using the EI1 metric. However, if test anxiety node TA2 is connected to all other nodes in the 
network, then TA1 could be influential by virtue of its connection with TA2. To account for the influence of neighboring nodes with 
shared edges, the EI2 index includes the sum of EI1 values of all remaining nodes weighted be the strength of their respective edges. 

2.3.2. Latent profile analysis 
Second, we conducted an LPA for test anxiety (see von der Embse et al., 2014), GAD, PD, and school-related wellbeing in Mplus 

version 8.3 (Muthén & Muthén, 2017) using maximum likelihood estimation. We compared solutions containing between two and ten 
profiles (an upper limit beyond which there should be no more clusters that are theoretically and empirically meaningful to differ-
entiate between). The DFM predicts profiles where there would be correspondingly higher (or lower) scores on dimensions of psy-
chopathology and wellbeing (e.g., complete mental health) and other profiles where higher scores on one dimensioned are coupled 
with lower scores on the other (e.g., troubled). Accordingly, we assumed partial local independence (see Masyn, 2013) and covariances 
between test anxiety, GAD, PD, and school-related wellbeing were allowed to differ across profiles. As the DFM makes no such pre-
diction for the variances of test anxiety, GAD, PD, and school-related wellbeing across profiles, they were constrained to be equal (the 
Mplus default option). 

Choice of profile solutions was guided by the Akaike Information Criterion (AIC; Akaike, 1987), sample-size adjusted Bayesian 
Information Criterion (aBIC; Sclove, 1987), Lo-Mendell-Rubin adjusted likelihood ratio test (LMR; Lo et al., 2001), and the Vuong-Lo- 
Mendell Rubin Likelihood Ratio Test (VLMR). The AIC and aBIC values were used to compare the different solutions with progressively 
greater numbers of solutions; lower relative AIC and aBIC values indicate a better model fit (Hix-Small et al., 2004). The LMR and 
VLMR test whether the model with k number of profiles provides a significantly better fit than a model with k-1 profiles (Beyers & 
Seiffge-Krenke, 2007). The entropy value of the chosen profile solution was used to gauge the quality of classification accuracy, where 
values closer to 1 represent a more accurate latent classification (Celeux & Soromenho, 1996). When using four indicators, the 
minimum requirement of 18 participants per class required to achieve a target power of 0.90 when using LPA (see Dziak et al., 2014) 
was easily met. 

3. Results 

3.1. Descriptive statistics and bivariate correlations 

Descriptive statistics and bivariate correlations are reported in Table 1. Skewness and kurotsis (within ±1) did not indicate 
problems with the normal distribution of scores. Test anxiety correlated negatively with school-related wellbeing (r = −0.26) and 
positively with GAD (r = 0.62) and PD (r = 0.62). School-related wellbeing correlated negatively with GAD (r = −0.28) and PD (r =
−0.33). GAD and PD were positively intercorrelated (r = 0.80). With the exception of school-related wellbeing (ρI = 0.08), the pro-
portion of variance between schools was negligible. The internal consistency estimates (McDonald’s ωs) were estimated in Mplus 8.3 
using maximum likelihood estimation with 1000 bootstrapped draws. School-related wellbeing, GAD, and PD were all treated as 
unidimensional one-factor models. Test anxiety was modeled as a higher-order factor model with worry, cognitive interference, 
tension, and physiological indicators as lower-order factors; hence, hierarchical ωH was estimated. The internal consistency of all scales 
was good (ωs ≥ 0.75). Descriptive statistics for individual items used in the network analysis that follows are presented in the Sup-
plementary Materials. 

3.2. Network analysis 

3.2.1. Graphical networks 
Graphical networks are shown in Fig. 1 (semi-partial correlations between nodes) and Fig. 2 (regularized semi-partial correlations 

between nodes that limit potentially spurious associations). There are five salient features to highlight from Fig. 2 (to facilitate 
interpretation, items are also listed in Table 2). First, the question of whether nodes were clustered as a single community, or grouped 
into distinct communities, can be answered by inspecting the following: (a) the positioning of nodes relative to others, (b) the number 

                    



                                      

  

of edges between nodes, and (c) the size of the edges between nodes. As illustrated in Fig. 2, nodes did not form one single coherent 
community. Rather, nodes were clustered as four relatively distinct communities. That is, nodes for the four different communities 
representing test anxiety, school-related wellbeing, GAD, and PD tended to be located more closely to one another, show a greater 
number of edges to other nodes within their community (relative to nodes in an adjacent community), and show stronger edges to 
other nodes within their community (relative to nodes in an adjacent community). 

Wellbeing was the most clearly distinct community by virtue of fewer and weaker edges to adjacent communities. There was a 
greater number of edges between test anxiety, GAD, and PD. The positioning of the test anxiety nodes further indicates that nodes for 
physiological indicators (particularly MTAS4 and MTAS12) were positioned closer to PD (particularly RCADS2 and RCADS3) than to 
GAD or to school-related wellbeing. Furthermore, the test anxiety nodes for cognitive interference were positioned closer to school- 
related wellbeing and one cognitive interference node in particular (MTAS14) showed the strongest edge to a wellbeing node (WELL1). 

Second, nodes within the test anxiety community were positioned most closely to other nodes and showed thicker edges to other 
nodes in the corresponding dimensions of (a) cognitive interference (MTAS2, MTAS6, and MTAS10), (b) worry (MTAS1, MTAS5, and 
MTAS9), (c) tension (MTAS7, MTAS11, and MTAS15), and (d), physiological indicators (MTAS4, MTAS8, MTAS12 and MTAS16). 
Nodes appeared like clusters (i.e., more closely positioned and within stronger edges) nested within a larger test anxiety community. 
This is not surprising given that the test anxiety measure used in the present study were comprised of four components. The positioning 
of test anxiety nodes also indicated that those for worry and tension were located closely and adjacent to one another. Physiological 
indicators nodes were located adjacent to tension, which is consistent with both being affective-physiological dimensions of test 
anxiety. Cognitive indicators items were located adjacent to worry which is consistent with both being cognitive dimensions of test 
anxiety. In the two-dimensional space of the graphical network, cognitive inference nodes (especially MTAS 2, MTAS6, and MTAS10) 
were positioned slightly separated from the remaining test anxiety nodes, although are linked via edges. 

Third, in relation to associations between nodes of different communities, the link between test anxiety and school-related well-
being was primarily through the negative association with cognitive interference (WELL1: school is going well with MTAS14: problems 
concentrating during tests). However, MTAS14 may not function as a strong bridge node to school-related wellbeing given the position 
slightly apart from, and lack of strong edges to, other test anxiety nodes. The link between school-related wellbeing and PD was 
primarily through the negative association between two pairs of nodes (WELL5: like going to school with RCADS13: heart beats fast for 
no reason; WELL2: feel good at school with RCADS14: feeling unnecessarily scared). Strong links between test anxiety and PD were 
shown through three pairs of positive associations with physiological indicators nodes (RCADS2: funny feeling in stomach with 
MTAS12: stomach discomfort during tests; RCADS3: heart beats fast with MTAS8: heart races during tests; RCADS7: feel shaky and 
MTAS4: hand trembles during tests). The strongest link between test anxiety and GAD was shown through a positive association with 
one worry node (RCADS1: worry about things with MTAS1: worry about test failure). RCADS1 and RCADS2 were positioned slightly 
separate from the GAD and PD communities, respectively, but showed strong edges to other nodes within their networks and hence 
may still function as bridge nodes. 

Fourth, the identification of potential bridge nodes through the positioning of nodes and their edges indicated that three physi-
ological indicator nodes (MTAS4: hand trembles during tests; MTAS8: heart races during tests; and MTAS12: stomach discomfort 
during tests) bridge test anxiety to panic. One worry node (MTAS1: worry about test failure) was the primary bridge to GAD. One 
cognitive interference item (MTAS14: concentration problems during tests) was the principal bridge from test anxiety to school-related 

Fig. 1. Graphical network based on the semi-partial correlations between nodes. 
Note. Blue edges represent positive, and red edges negative, semi-partial correlations. Test anxiety indicators are labelled as MTAS1 to MTAS16 and 
school-related wellbeing as WELL1 to WELL6. GAD indicators are labelled as RCADS1, 4, 6, 8, 11, and 15. PD indicators are labelled as RCADS2, 3, 
5, 7, 9, 10, 12, 13, and 14. 

                    



                                      

  

wellbeing. Fifth, the node occupying the most centrally located position in the two-dimensional network was RCADS1 (worry about 
things). 

We re-tested the networks with the gamma hyperparameter set at a number of different values (γ = 0.40, 0.45, 0.55, and 0.60). As 
expected, when the hyperparameter values were set to be more lenient (i.e., γ = 0.40 and 0.45), a greater number of small edges were 
represented in the network. When hyperparameter values were set to be more strict (i.e., γ = 0.60 and 0.65), there were fewer larger 
edges. Critically, however, there were no substantive differences in the positioning of nodes at the different hyperparameter values. 
Accordingly, the hyperparameter γ = 0.50 provided an authentic representation of the network while providing an optimal balance 
between a model including a greater number of small edges that will be of little substantive relevance and a model that rejected larger 
edges that represent meaningful links in the network. 

3.2.2. Centrality statistics 
Expected influence metrics are plotted in Fig. 3. As shown in previous studies (e.g., Heeren et al., 2018; Robinaugh et al., 2016), the 

analyses of expected influence aligned with the observations from the graphical network indicated that negligible differences existed 
between the two steps of expected influence. For school-related wellbeing, the highest levels of EI1 and EI2 were found for WELL2 (feel 
good at school), corresponding with the central position in the wellbeing community and strong edges to other school-related well-
being nodes in the graphical network. WELL1 (school is going well) portrayed especially low levels. Overall, relatively high EI1 and EI2 
levels were observed for GAD and PD nodes, with exceptions being low levels of RCADS4 (worry about things happening to family), 
RCADS10 (becoming dizzy or fainting), and RCADS15 (thinking about death). Finally, for test anxiety, similarly high EI1 and EI2 levels 
were observed with generally little variation. However, low levels were observed for MTAS2 (forgetting previously known material). 
MTAS11 (feeling panic during a test) and RCADS8 (worry something bad will happen) were the most influential nodes to the work as 
identified through EI1 and EI2 indices. 

Expected influence metrics for bridges are plotted in Fig. 4. Corresponding to the central position in the graphical network, the 
strongest bridge node was RCADS1 (worry about things). RCADS2 (funny feeling in stomach) and RCADS3 (heart beats fast) also 
showed particularly high levels of EI1 and EI2, which reflects their close positioning and strong edges to test anxiety physiological 
indicator nodes. For test anxiety, particularly strong levels were observed for MTAS4 (trembling hands), MTAS8 (racing heart), and 
MTAS12 (stomach discomfort), paired with low levels for MTAS14 (difficulty concentrating). It is notable that MTAS14 also showed 
low network influence EI1 and EI2 metrics (see Fig. 3) and was positioned slightly apart from other test anxiety nodes in the graphical 
network. For school-related wellbeing, the strongest bridge node was WELL5 (like going to school). Overall however, school-related 
wellbeing showed relatively low bridge EI1 and EI2 metrics. The especially low levels portrayed by WELL1 (school is going well) 
corresponds with the strongest link to test anxiety being with a node (MTAS14) that was not located closely to, or showed strong links 
with, other test anxiety nodes. 

In summary, the network analysis showed that test anxiety, school-related wellbeing, GAD, and PD were largely separate but 
related constructs. The strongest overlap was observed between the physiological indicator nodes of test anxiety and PD nodes. 
Accordingly, the strongest bridge from PD to test anxiety was through the test anxiety physiological indicators nodes. The strongest 
bridge from GAD to test anxiety was through the test anxiety worry nodes. The strongest bridge from school-related wellbeing to test 
anxiety was through the test anxiety cognitive interference nodes. The nodes with the greatest influence (i.e., the largest and strongest 

Fig. 2. Graphical network based on regularized semi-partial correlations between nodes. 
Note. Blue edges represent positive, and red edges negative, regularized semi-partial correlations. Test anxiety indicators are labelled as MTAS1 to 
MTAS16 and school-related wellbeing as WELL1 to WELL6. GAD indicators are labelled as RCADS1, 4, 6, 8, 11, and 15. PD indicators are labelled as 
RCADS2, 3, 5, 7, 9, 10, 12, 13, and 14. 

                    



                                      

  

links to other nodes) throughout the network were “feeling panic during a test” (a test anxiety tension node) and “worry something bad 
will happen” (a GAD node). 

3.2.3. Latent profile analysis 
Model fit indices for latent profile solutions (indicator covariances freely estimated and variances constrained across profiles) are 

reported in Table 3. As the number of profiles increased, model fit improved as indicated through the lower AIC and aBIC values, 
whereas classification accuracy was reduced as indicated by the decreasing entropy values. However, there was a leveling out of the 
AIC and aBIC values from the 5-profile solution onwards, somewhat analogous to the elbow of a scree plot. The LMR and VLMR tests 
showed there was no statistically significant advantage for the 5-profile over the 4-profile solution, whereas the advantage for the 4- 
profile over the 3-profile solution was statistically significant (p = .002). The classification probabilities for latent class membership 
(Table 4) were all >0.8 for the 4-profile solution, indicating a relatively high precision and reliability of classification (Rost, 2006). 
Furthermore, estimated mean values for test anxiety, GAD, PD, and school-related wellbeing (Table 5) showed the four profiles were 
empirically differentiable. Accordingly, we accepted the 4-profile solution as the final solution. Latent mean z-standardized scores for 
the 4-profile solution are shown in Fig. 5. 

Profile 1 contained 21.5% of participants (n = 196) and consisted of moderate to high anxiety (test anxiety, GAD, and PD) and 
moderate to low school-related wellbeing. We labelled this group moderate risk. Profile 2 was the largest group and contained 38.9% of 
participants (n = 354) and consisted of low anxiety (test anxiety, GAD, and PD) and moderate school-related wellbeing. We labelled 
this group low risk and note that it is parallel to a complete mental health status. Profile 3 was the smallest group and contained 7.9% of 
participants (n = 72) and consisted of high anxiety (test anxiety, GAD, and PD) and low school-related wellbeing. We labelled this 
group high risk, parallel to a troubled status. Profile 4 contained 31.7% of participants (n = 289) and consisted of slightly above average 
test anxiety and school-related wellbeing and slightly below average PD. We labelled this group coping and note that it is most similar 
to a symptomatic (mild test anxiety) but content status. 

We also examined whether the demographic characteristics of participants differed across latent profiles for age, ethnic heritage, 

Table 2 
Items included in the network analysis and the associated codes used in Figs. 1 and 2. 

Code Item 

WELL1 School is going well for me. 
WELL2 I feel good at school. 
WELL3 School allows me to fulfil my needs. 
WELL4 I feel comfortable at school. 
WELL5 I like going to school. 
WELL6 All in all, I am content with my day-to-day school experiences. 
RCADS1 I worry about things. (GAD) 
RCADS2 When I have a problem I get a funny feeling in my stomach. (PD) 
RCADS3 When I have a problem, my heart beats really fast. (PD) 
RCADS4 I worry that something awful will happen to someone in my family. (GAD) 
RCADS5 I suddenly start to tremble or shake when there is no reason for this. (PD) 
RCADS6 I worry that bad things will happen to me. (GAD) 
RCADS7 When I have a problem, I feel shaky. (PD) 
RCADS8 I worry that something bad will happen to me. (GAD) 
RCADS9 All of a sudden I feel scared for no reason at all. (PD) 
RCADS10 I suddenly become dizzy or faint when there is no reason for this. (PD) 
RCADS11 I worry about what is going to happen. (GAD) 
RCADS12 I suddenly feel as if I can’t breathe when there is no reason for this. (PD) 
RCADS13 My heart suddenly starts to beat too quickly for no reason. (PD) 
RCADS14 I worry that I will suddenly get a scared feeling when there is nothing to be afraid of. (PD) 
RCADS15 I think about death. (GAD) 
MTAS1 Before a test/exam, I am worried I will fail. (W) 
MTAS2 I forget previously known material before taking a test/exam. (CI) 
MTAS3 Even when I have prepared for a test/exam I feel nervous about it. (T) 
MTAS4 Before I take a test/exam my hand trembles. (PI) 
MTAS5 During tests/exams, I worry about the consequences of failing. (W) 
MTAS6 I forget facts I have learnt during tests/exams. (CI) 
MTAS7 I feel tense before taking a test/exam. (T) 
MTAS8 My heart races when I take a test/exam. (PI) 
MTAS9 After a test/exam, I am worried I have failed. (W) 
MTAS10 During tests/exams, I forget things that I have learnt. (CI) 
MTAS11 Just before I take a test/exam, I feel panicky. (T) 
MTAS12 During a test/exam I experience stomach discomfort. (PI) 
MTAS13 During a test/exam, I worry that I gave the wrong answers. (W) 
MTAS14 During tests/exams, I find it hard to concentrate. (CI) 
MTAS15 Before a test/exam, I feel nervous. (T) 
MTAS16 During a test/exam, my muscles are tight. (PI) 

Note. W = worry, CI = cognitive interference, T = tension, PI = physiological indicators, GAD = generalized anxiety 
disorder, and PD = panic disorder. 

                    



                                      

  

and SES. As two of the schools from which participants were recruited were single-sex girls’ schools, gender was not included. A small 
but statistically significant difference emerged for SES, F(3, 2254) = 5.993, p = .001, ηp

2 = 0.019. Post-hoc tests with a Bonferroni 
correction showed a smaller proportion of participants from low SES households in the low risk profile as compared with the moderate 
risk (p = .005), high risk (p = .01), and coping profiles (p = .04). There were no differences across the profiles for age or ethnic heritage 
(ps > 0.05). 

4. Discussion 

The aim of the present study was to examine how test anxiety, GAD, PD, and school-related wellbeing are related in order to inform 
the assessment of mental health in secondary school populations. We addressed research questions using two complimentary analytic 
approaches, namely network analysis and LPA. Network analysis is a novel approach to investigating psychopathology (e.g., Heeren 
et al., 2018), personality traits (e.g., Heeren et al., 2018), and social relationships (e.g., Sweet, 2016). Specifically, network analysis 
provides insight into the relations between test anxiety, GAD, PD, and school-related wellbeing by establishing whether indicators (i.e., 
responses to self-report items) or, in the parlance of NT, nodes, form part of one single network or are organized into distinct 
communities. 

Network analysis shares some features with other variable-centric approaches (e.g., factor analysis) but has the added advantage of 
establishing which nodes are influential within a network through the number and strength of direct or indirect links to other nodes 
(centrality) and whether certain nodes are responsible for linking communities (bridge nodes). Insights from network analysis have 
important implications for practice by identifying which indicators would be beneficial for intervention to target. LPA, in turn, is a 
more established analytical technique used to identify homogenous groups of individuals based on data characteristics and has been 
used to identify different patterns of mental health risk and strength in children (Petersen et al., 2019) and in DFM studies (e.g., Moore 
et al., 2019; Rose et al., 2017; Thayer et al., 2021). Studies have yet to examine the DFM in relation to test anxiety, however. 

We initially proposed two potential relationships among the variables of interest, including that (a) test anxiety and GAD/PD were 
distinct but related constructs and (b) test anxiety was an indicator of GAD and/or PD (see LeBeau et al., 2010). The network analysis 
indicated that test anxiety, GAD, and PD formed relatively distinct but internally coherent communities (based on their respective 
nodes). GAD and PD nodes, within their respective communities, were organized more closely together and showed thicker edges to 

Fig. 3. Plot denoting the one-step and two-step expected influence metrics for the graphical LASSO network. 
Note. Test anxiety indicators are labelled as MTAS1 to MTAS16 and school-related wellbeing as WELL1 to WELL6. GAD indicators are labelled as 
RCADS1, 4, 6, 8, 11, and 15. PD indicators are labelled as RCADS2, 3, 5, 7, 9, 10, 12, 13, and 14. 

                    



                                      

  

other nodes within the same constructs (indicative of stronger relations) than for nodes associated with adjacent communities. The 
four factors that comprised test anxiety, namely worry, cognitive interference, tension, and physiological indicators, formed ‘mini- 
communities’ within the overarching community of test anxiety nodes. This mirrors the factor structure of test anxiety but also meant 

Fig. 4. Plot denoting the bridge one-step and the bridge two-step expected influence metrics for the graphical LASSO network. 
Note. Test anxiety indicators are labelled as MTAS1 to MTAS16 and school-related wellbeing as WELL1 to WELL6. GAD indicators are labelled as 
RCADS1, 4, 6, 8, 11, and 15. PD indicators are labelled as RCADS2, 3, 5, 7, 9, 10, 12, 13, and 14. 

Table 3 
Model fit indices for profile solutions. 

k Profiles AIC aBIC LMR (p) VLMR (p) Entropy 

2 9129.48 9150.78 1198.57 (<0.001) −5168.61 (<0.001) 0.881 
3 8756.43 8785.93 372.13 (0.002) −4551.74 (0.001) 0.833 
4 8554.84 8592.53 205.56 (0.002) −4360.22 (0.002) 0.836 
5 8460.66 8506.54 101.21 (0.06) −4254.42 (0.06) 0.812 
6 8401.44 8560.32 67.25 (0.07) −4202.30 (0.07) 0.811 
7 8377.42 8439.69 73.54 (0.69) −4188.55 (0.56) 0.799 
8 8370.99 8441.45 17.83 (0.32) −4151.66 (0.32) 0.829 
9 8350.61 8429.27 16.88 (0.18) −4135.99 (0.18) 0.835 
10 8318.04 8404.89 32.43 (0.33) −4122.71 (0.32) 0.808 

Table 4 
Classification probabilities for the most likely latent class membership (column) by latent class (row). 

Latent class 1 2 3 4 

1. 0.911  <0.001  0.032  0.057 
2. <0.001  0.935  <0.001  0.065 
3. 0.077  <0.001  0.923  <0.001 
4. 0.044  0.094  <0.001  0.862 

Note. The average posterior probability of a person being assigned to a particular class is presented on the diagonal in bold. 

                    



                                      

  

that test anxiety nodes, although forming a coherent community, were more dispersed in comparison to the GAD, PD, and school- 
related wellbeing communities. Physiological indicators nodes were positioned more closely to PD nodes, cognitive interference 
adjacent to school-related wellbeing nodes, and worry/tension nodes centrally in the test anxiety node community. This pattern of 
findings offered greater support for the first of the two possibilities that we offered, which was that test anxiety is distinct but related to, 
rather than an indicator of, GAD and PD. 

Not only were physiological indicators nodes located more closely to PD nodes, but three physiological indicator nodes were also 
identified as likely bridges to PD. It is notable that the three test anxiety bridge nodes shared common referents with three PD nodes (i. 
e., stomach discomfort, elevated heart rate, and shakes/trembles). The common referents for the aforementioned test anxiety physiological 
indicators nodes likely contribute to their positioning closer to PD than to GAD or school-relating wellbeing and identification as a 
bridge to PD. The critical point of difference was that the test anxiety indicators were situation-specific to tests or exams, whereas the 
PD indicators were not situation-specific as they could occur in other situations as well as in tests or exams. From the perspective of 
network theory, activation of test anxiety physiological indicator nodes (i.e., stomach discomfort, elevated heart rate, and shakes/ 
trembles) in a performance-evaluative situation specifically will activate similar types of physiological reactions associated with PD in 
other situations more generally. 

Activation of the autonomic nervous system causing distress is a defining characteristic of both test anxiety (see Roos et al., 2021; 
Spielberger et al., 1978) and PD (Nardi & Balon, 2020). It is difficult to foresee how either test anxiety or PD could be accurately 
measured via self-report without including items referencing distressing physiological arousal. Accordingly, we view the substantive 
issue from the perspective of NT and contend that different forms of anxiety with similar elements are likely linked by mutual causality 
and not an artifact of item wording. 

NT presumes that nodes are related through reciprocal causation (Borsboom, 2017a; Fried et al., 2017), although many network 
analysis studies (e.g., Beard et al., 2016; Heeren et al., 2018), like ours, have used cross-sectional designs. If the constructs included in 
the present study are reciprocally related, the shared commonality between test anxiety and PD is based on a sensitivity, or tendency, to 
respond to stress situations (e.g., performance-evaluative situations) with more intense and unpleasant physiological arousal. In 
performance-evaluative situations, therefore, activation of test anxiety nodes could trigger PD nodes and test anxiety could become a 
risk factor for developing PD. Conversely, persons with PD who may have a specific environmental trigger other than performance- 
evaluative situations (referred to in DSM-5 as expected panic attacks), or which may be unexpected (i.e., no specific environmental 
trigger), may also activate test anxiety nodes and become manifest in performance-evaluative situations. That is, PD becomes a risk 
factor for elevated test anxiety. 

Two nodes were identified as being of particular influence throughout the entire network of related communities. These were 

Table 5 
Model estimated means, standard errors, and counts for 4-profile solution. 

Latent profile 

Low risk Moderate risk High risk Coping 

Test Anxiety  −0.81 (0.09)  0.67 (0.06)  1.21 (0.07)  0.22 (0.06) 
School-Related Wellbeing  0.30 (0.06)  −0.36 (0.10)  −0.79 (0.16)  0.08 (0.06) 
GAD −0.89 (0.05)  0.91 (0.06)  1.84 (0.12)  0.01 (0.11) 
PD −0.86 (0.03)  0.97 (0.11)  2.16 (0.10)  −0.15 (0.09) 
n 354 (38.9%)  196 (21.5%)  72 (7.9%)  289 (31.7%) 

Note. Standard errors are in parentheses. For test anxiety, school-related wellbeing, GAD, and PD, all mean levels of the four profiles were statistically 
significantly different from each other, as indicated by a multivariate analysis of variance with Bonferroni post-hoc tests: Wilks Λ = 0.073, multivariate 
F(12, 2392) = 337.85, p < .001, ηp

2 = 0.583; all multiple comparisons p ≤ .027. 
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feeling panic during a test and anticipation of negative outcomes. Furthermore, one GAD node (i.e., the tendency to worry) was the most 
influential bridge to link up associations between test anxiety, school-related wellbeing, PD, and GAD. These findings, showing how 
specific nodes bridge test anxiety, GAD, and PD, are consistent with the extant literature suggesting that elevated anxiety and anxiety 
disorders are generally characterized by a tendency to appraise situations as being of high threat and respond with worry, rumination 
about deleterious outcomes, and the emotional adjunct, panic (e.g., Papageorgiou & Wells, 2009; Wells & Mathews, 1996). 
Accordingly, functional mechanisms that underlie high anxiety as proposed in the Self-Regulatory Executive Function Model (e.g., 
ineffective planning, metacognitive beliefs that exacerbate anxiety, and maladaptive person-situation interactions) may be common to 
different (and perhaps all) anxiety disorders (Matthews & Wells, 2004) as well as high test anxiety (Zeidner & Matthews, 2005). 

No specific school-related wellbeing node emerged as a strong bridge to test anxiety, GAD, or PD. The strongest edge (notably less 
strong than those bridging test anxiety with GAD and PD) was with a cognitive interference node that itself was less strongly linked 
with, and positioned close to, other test anxiety nodes. Accordingly, that node did not show strong bridge EI1 and EI2 metrics. Given 
the negative correlations shown between school-related wellbeing and test anxiety, GAD, and PD (rs =−0.26 to −0.33; see Table 1), it 
may appear counter-intuitive that more negative edges were not shown between school-related wellbeing nodes and test anxiety, GAD, 
and PD nodes. 

However, from the perspective of the DFM this finding may not be so surprising. The DFM (Suldo & Shaffer, 2008) predicts some 
profiles (e.g., complete mental health) characterized by higher school-related being in conjunction with lower indicators of psycho-
pathology (e.g., test anxiety, GAD, PD). Other DFM profiles (e.g., symptomatic but content) are characterized by higher school-related 
being in tandem with higher indicators of psychopathology. The overall small negative correlations between school-related wellbeing 
and test anxiety, GAD, and PD may be concealing subgroups where the negative correlations are stronger (i.e., the low risk profile 
identified in the LPA) and weaker (i.e., the coping profile identified in the LPA). No school-related wellbeing nodes, therefore, emerged 
with strong negative edges to, or bridges with, test anxiety, GAD, and PD. 

Of central importance to the theory is that subjective wellbeing is a distinct construct from that of psychopathology (Antaramian 
et al., 2010; Greenspoon & Saklofske, 2001; Suldo et al., 2016). The present study was the first to examine this proposition with test 
anxiety as a potential indicator of elevated psychopathology and also to do so by using network analysis. The network analysis clearly 
showed school-related wellbeing was distinct from test anxiety, GAD, and PD, thereby offering strong support for Hypothesis 1. The 
LPA showed three profiles that map onto DFM. The ‘low risk’ profile closely resembled the ‘complete mental health’ profile and was, 
reassuringly, the largest profile in terms of the number of students comprising this profile. The ‘high risk’ profile closely resembled the 
‘troubled’ profile and was, reassuringly, the smallest profile. The ‘coping’ profile resembled the ‘symptomatic but content’ profile. 

The finding that fewer students from lower SES backgrounds were found in the ‘low risk’ profile provides further evidence for the 
differentiation of profiles and is consistent with findings from earlier studies (e.g., Suldo et al., 2016; Suldo & Shaffer, 2008). There is a 
long-standing body of evidence showing how the difficult life circumstances associated with low SES can contribute to poor mental 
health and also how poor mental health can adversely influence employment and earning potential (e.g., Collishaw, 2015; Reiss, 
2013). 

We did not find evidence of a ‘vulnerable’ profile comprised of low wellbeing in the absence of test anxiety, GAD, and PD. As we did 
not include a measure of externalizing disorders or symptoms, we preferred to present our profiles as analogous, rather than 
commensurate, to DFM profiles based on measures that did include externalizing symptoms (hence the different terms used). In finding 
three of the four profiles predicted by DFM, results indicated substantial, if not equivocal, support for Hypothesis 2. Instead, we found a 
group exhibiting ‘moderate risk.’ As a less extreme version of the ‘troubled’ profile, the ‘moderate risk’ group does not necessarily run 
counter to DFM. It is a more fine-grained, yet statistically significant, differentiation of a sub-group running on the continuum of high 
wellbeing and absence of psychopathology to low wellbeing and presence of psychopathology. This subgroup shares the diminished 
wellness apparent in a ‘vulnerable’ mental health status, but in combination with mildly to moderately elevated test anxiety, GAD, and 
PD, similar to a group Keyes (2006) referred to as ‘languishing’ on the basis of wellbeing indicators. This ‘moderate risk’ group would 
have likely been missed when using a cut-score approach and grouped together with ‘high risk’ and therefore highlights the value of 
using LPA to identify homogenous groups of moderate and high risk. 

As expected, the different types of anxiety measured in the present study tended to co-occur together in all four profiles. That is, test 
anxiety, GAD, and PD were all lower in the ‘low risk’ profile, all higher in the ‘high’ risk profile, and so on. This is not surprising given 
the strong correlations between test anxiety, GAD, and PD (rs = 0.62–0.80; see Table 1), the high level of comorbidity typically found 
between different forms of anxiety (Carragher et al., 2015; Uher & Rutter, 2012), and the co-occurrence shown between high test 
anxiety and anxiety disorders (Herzer et al., 2014; Weems et al., 2010). Furthermore, the DFM does not differentiate between profiles 
on varying contributions of distinct internalizing problems (i.e., different types of anxiety) as contributors to elevated psychopa-
thology. The critical point for analytic approaches such as LPA that seek to categorize persons into relatively homogenous groups are 
the levels of anxiety rather than the specific type of anxiety. For the DFM, test anxiety can sit alongside GAD and PD as a contributor to 
elevated psychopathology. 

Two studies using LPA (i.e., Rose et al., 2017; Thayer et al., 2021; see first wave of data collection) found similar groups (i.e., 
‘complete mental health’, ‘symptomatic but content’, ‘troubled’, and ‘vulnerable’) as those using cut-score approaches. Moore et al. 
(2019) found a ‘moderately mentally healthy’ profile comprised of high-average well-being and low distress (i.e., internalizing and 
externalizing problems) alongside the ‘complete mental health’, ‘symptomatic but content’, and ‘troubled’ profiles. Furthermore, in 
the second round of data collection, Thayer et al. (2021) found only ‘complete mental health’ and ‘vulnerable’ profiles. Thus, our study 
is not alone in failing to find all four theoretically predicted DFM profiles and in identifying an additional profile. 

The lack of full empirical support for the four theoretically-based DFM profiles does not, in our view, challenge the basic premise of 
the DFM that wellbeing and indicators of the presence of psychopathology are broadly independent dimensions (e.g., Doll et al., 2021; 

                    



                                      

  

Suldo & Shaffer, 2008). A potential drawback of using data-driven approaches, such as LPA, is the identification of sample- 
idiosyncratic profiles that may not be consistently found in other samples (Bauer & Curran, 2004). This may be the cause for our 
‘moderate risk’ profile and further studies will be required to ascertain its replicability. Furthermore, it is likely that identification of 
profiles with a greater or lesser match to those theoretically predicted by the DFM will be influenced by the specific measures chosen as 
indicators of wellbeing and psychopathology. Some measures may be more or less sensitive to life circumstances that contribute to 
either of the DFM dimensions (e.g., wellbeing measures with a greater vs. lesser emphasis on life satisfaction). In addition, the 
combination of some measures may be more suited to the identification of some profiles than others (e.g., a troubled profile harder to 
identify using measures of wellbeing that emphasize self-regulation). 

The existing LPA studies (Moore et al., 2019; Rose et al., 2017; Thayer et al., 2021) all included measures that represented both 
internalizing and externalizing disorders in the assessment of psychopathology and global measures of subjective wellbeing. In 
contrast, our study only included markers of internalizing disorders (i.e., indicators of test anxiety and symptoms of GAD and PD) and 
school-related subjective wellbeing. The identification of the ‘moderate risk’ may be partly an artifact of not including externalizing 
symptoms. Female participants (children, adolescents, and undergraduates) have been found to report higher test anxiety (e.g., 
Putwain, 2007; Putwain & Daly, 2014) and are at higher risk for developing anxiety disorders (Baxter et al., 2013; Vizard et al., 2018) 
than males. Male participants (children, adolescents, and undergraduates) are more likely to develop externalizing disorders (e.g., 
Boyd et al., 2015; Mandalia et al., 2018). The overall level of test anxiety, GAD, and PD may be higher in this sample than a more 
gender balanced equivalent and contributed to the identification of a ‘moderate risk’ group. 

Furthermore, the measure of subjective wellbeing used in the present study focusing specifically on the school context differed to 
those used in extant DFM studies that typically measured subjective wellbeing more broadly and in context-unspecific ways (i.e., 
global life satisfaction and frequency of positive and negative affect throughout days-weeks [vs. solely when at school]; Suldo et al., 
2016). When used in tandem with test anxiety as a marker of psychopathology, we have a measure of wellbeing and psychopathology 
inextricably linked to the school context. Our study is the first to address mental health profiles that arise from considerations of 
school-related subjective wellbeing and internalizing symptoms. 

Nonetheless, the implication is that assessment of mental health in school-age populations that relies exclusively on cut-scores may 
not adequately differentiate groups of students with specific needs for support or intervention. Those in the ‘high risk’ profile would 
likely respond more favorably to indicated treatments. These are retroactive, and sometimes more intensive, interventions focused on 
treating more deleterious and/or prevalent symptoms or, in the traditional diagnostic-categorical approach to mental disorders, those 
who have received a diagnosis of GAD or PD. In contrast, those in the ‘moderate risk’ profile would likely respond more favorably to 
selective treatments. These are proactive, and sometimes less intensive, interventions focused on those with early stage symptoms but 
who have yet to receive a diagnosis of GAD or PD (see Mrazek & Haggerty, 1994; Stockings et al., 2016). 

4.1. Limitations and suggestions for future research 

Despite the novel approach that we utilized in the present study to examine how test anxiety, GAD, PD, and school-related 
wellbeing were related, there are four principal limitations to highlight. First, as we noted above, the sample was weighted more 
heavily in terms of female participants by virtue of two girls’ only schools participating in the study. It is possible, therefore, that 
relations between test anxiety, GAD, PD, and school-related wellbeing were represented more strongly than they would have been with 
a more gender-balanced sample. Furthermore, the make-up (i.e., identification of a moderate risk group and the absence of a 
‘vulnerable’ group) and size of the profiles identified in the LPA may have been influenced by the large number of female participants. 
Future studies should aim for a more gender-balanced sample and investigate potential gender differences in networks and profiles. 

Second, we only included two anxiety disorders (i.e., GAD and PD) in the present study. Although these are two of the most 
commonly occurring anxiety disorders in children and adolescents, it would be beneficial to also examine how test anxiety and school- 
related wellbeing are related to other anxiety disorders. In addition to nonsocial aspects (e.g., fear of failure leading to thwarted 
personal aspirations), test anxiety contains features (e.g., fear of negative evaluation by others) that may overlap with the performance 
element of social anxiety (Bogels et al., 2010). Establishing how test anxiety networks and profiles relate to social anxiety disorder in 
particular would be an important next step. Given the high level of comorbidity between anxiety and depression (Hankin et al., 2016), 
it would also be beneficial to broaden the question as how test anxiety and school-related wellbeing are related to emotion disorders 
more generally (i.e., including both anxiety and depression). 

Third, school-related wellbeing was represented as a distinct community to that of test anxiety, GAD, and PD. Furthermore, the 
strongest edge was to a test anxiety node that was not located close to, or showed strong edges with, other test anxiety nodes. This 
finding is not a limitation in itself, but it is possible that the relations shown are an artifact of the measurement variance specifically 
associated with the measure of school-related wellbeing used (SWBS). It would be prudent for future studies to use an additional 
measure of school-related wellbeing alongside the SWBS, such as the Student Subjective Wellbeing Questionnaire (Renshaw et al., 
2015) or the Subjective Well-Being in School Questionnaire (Hascher, 2008). This would allow multiple versions of the network 
analysis to be performed using random draws of items from the pool created from the measures chosen and whether the present 
findings were wholly or partly related to the specific measure of wellbeing used. 

Fourth, as noted above, we used a cross-sectional design. This is sufficient for network analysis and LPA but leaves open questions of 
directionality when assessing relations between test anxiety, anxiety disorders, and school-related wellbeing. Future research could 
consider longitudinal designs that permit the direction of relations to be established. 

                    



                                      

  

                                         

There are three specific implications for theory and practice. First, network analysis showed that test anxiety was distinct from, but 
related to, GAD and PD. Although test anxiety is not a manifestation of GAD and PD, these findings imply that test anxiety is a risk 
factor for developing GAD and PD, and vice versa. Practitioners who are involved with the assessment of test anxiety in school age- 
populations should be alert to the possibility that the test anxiety reported by students may not remain restricted to tests and ex-
aminations, but can generalize to other areas of anxiety, including those of GAD and PD. Similarly, students with GAD and PD are also 
likely to experience high test anxiety in performance-evaluative situations. We are mindful, however, that in DSM-5, test anxiety is not 
considered as a distinct anxiety disorder. In order to access examination accommodations, or reasonable adjustments to examination 
arrangements (e.g., extended time allotted to the examinee), evidence for a ‘medical’ condition may be required. In the case of high test 
anxiety, a DSM-5 diagnosis may be a necessary proxy until such time that test anxiety is included as an anxiety disorder (or subtype of a 
disorder) or the diagnostic-categorical approach is replaced with an alternative. 

Our findings also speak to transdiagnostic perspectives on the conceptualization classification of, and intervention with, anxiety 
disorders and emotion disorders more generally (e.g., Clark, 2009; Norton & Paulus, 2017). Transdiagnostic models propose that the 
various anxiety disorders differentiated in categorical-diagnostic systems, such as the DSM, do not represent discrete conditions with 
distinct etiologies (Barlow et al., 2004; Norton, 2006). Rather, forms of anxiety differ by their triggering stimuli and the cognitive and 
behavioral coping strategies used by persons to control that anxiety. Therefore, NT shares overlapping features with transdiagnostic 
models, notably that comorbidity between anxiety disorders calls into question the very notion of differentiated anxiety disorders. 
There are specific characteristics of test anxiety, namely performance-evaluative triggers and dysfunctional forms of avoidance such as 
procrastination and a strategic withdrawal of academic effort, that are not captured in other forms of anxiety. These specific features 
indicate the importance of considering test anxiety alongside those other, more established, anxiety disorders, especially in pop-
ulations for whom testing occupies a ubiquitous presence (e.g., school and university students). 

Second, our focus in network analysis was on the activationof nodes spreading from test anxiety to GAD, PD, school-related 
wellbeing, and vice versa. The reverse, however, is also true. From the perspective of NT deactivationof nodes, especially influential 
nodes such as those identified in our analysis (i.e., worry, panic, and rumination) will prevent the maintenance of network activation 
occurring through recursive loops and gradually dampen activation to reduce anxiety (e.g., Fried et al., 2017; Heeren et al., 2018). 
Thus, interventions designed for GAD and PD could also benefit students with high test anxiety (and vice versa) to the extent to which 
interventions target bridge nodes. An additional aim of the transdiagnostic perspective is to identify common mechanisms across 
different types of anxiety that are responsive to common treatment (e.g., transdiagnostic cognitive behavioral therapy; Paulus et al., 
2015). The unique and specific contribution of network analysis is to assist this process through the identification of nodes that are 
highly influential within a community and that bridge communities. The nodes identified in the present study as being influential, or a 
bridge, would be highly relevant for transdiagnostic treatments to focus on. Notably, they are similar to transdiagnostic mechanisms 
identified previously as being core to different forms of anxiety: the presence of intrusive, worrisome thoughts, and a difficulty in 
disengaging from threat triggers (Clark & Rhyno, 2005). Evidence of transdiagnostic benefit has been shown in a 6-session intervention 
for text anxiety in adolescents that not only reduced test anxiety, but also GAD and PD (Putwain & von der Embse, 2021). 

Third, network analysis and LPA showed that school-related wellbeing can be clearly differentiated from test anxiety, GAD, and PD. 
Thus, consistent with the central proposition of the DFM (Suldo & Shaffer, 2008), higher school-related wellbeing cannot be simply 
inferred from the absence of higher test anxiety, GAD, and PD symptoms. For colleagues involved in the assessment and promotion of 
student wellbeing, it needs to be considered as distinct from indicators of poor mental health (i.e., the presence of internalizing 
symptoms), not merely an adjunct or epiphenomenon emerging from the absence of psychopathology. DFM profiles may also provide 
assistance in providing data on which to guide tiered interventions to mental health support and specifically to differentiate those 
requiring more from less intensive forms of intervention intended to increase subjective well-being, decrease psychopathology, or both 
(Doll et al., 2021). Persons with a ‘high risk’ profile may benefit from more intensive, or ‘indicated’ intervention, whereas those with a 
moderate risk profile may benefit from less intensive, or ‘selective’, intervention (also see Stockings et al., 2016). 

5. Conclusion 

The network analysis showed that test anxiety was distinct from, rather than a manifestation of, GAD and PD. The relations between 
test anxiety, GAD, and PD could be treated as analogous to comorbidity, and the network analysis identified bridge nodes from the test 
anxiety to GAD and PD that may account for the links. In support of DFM (Suldo & Shaffer, 2008), the network analysis identified 
school-related wellbeing to be distinct from test anxiety, GAD, and PD. Furthermore, three profiles were identified using LPA that 
mapped onto existing DFM categories. We found a fourth profile that, although not directly contradicting DFM, highlighted the value 
of using LPA to identify more subtly distinct homogenous sub-groups than may be found using a cut-score approach. Broadly, our 
findings found strong, if not equivocal, support for the DFM even when wellbeing is focused on positive affect and satisfaction spe-
cifically in the school setting. The implications are that (a) test anxiety may be a risk factor for the development of GAD and PD (and 
vice versa), (b) intervention for test anxiety will likely reduce GAD and PD symptoms (and vice versa); and (c) school-related wellbeing 
needs to be assessed and promoted as distinct from the mere absence of internalizing symptoms (e.g., test anxiety, GAD, and PD). 
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