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Abstract
As depression is common in older people and confers a significant risk for dementia, its
accurate assessment is essential to monitor and treat the condition. The 15-item Geriatric
Depression Scale (GDS-15) is a widely used assessment tool for measuring depression in aged
populations, and its psychometric properties have been recently improved using Rasch
analysis. However, its temporal reliability and ability to distinguish between dynamic and
enduring symptoms of depression have not been examined using the appropriate methodology.
Distinguishing enduring aspects of depression helps to estimate risks of depression and longlasting effects of an intervention while identifying and targeting dynamic symptoms may
enhance efficiency of a treatment. Generalizability theory (G-theory) is a suitable method to
distinguish between enduring and dynamic symptoms of depression, evaluate the overall
reliability of the GDS-15, and identify sources of measurement error. This study applied Gtheory to the longitudinal GDS-15 data of 354 participants aged 70 years and older from the
Sydney Memory and Ageing Study, collected over ten years with 2-4 years intervals. The GDS15 demonstrated strong reliability and generalizability of its scores across the sample
population and assessment occasions in measuring enduring symptoms of depression (Ga=
0.82, Gr=0.90). In addition, three dynamic symptoms of depression were identified, namely
helplessness, hopelessness, and loss of interest in activities, which did not affect the overall
strong reliability of the GDS-15. This study demonstrated that the GDS-15 is a reliable measure
for assessing enduring symptoms of depression and can be used to evaluate the efficacy of
depression treatments and monitor depression levels in older adults. Dynamic symptoms
identified by this study are more amendable and can be targeted on the first place to enhance
effectiveness of a treatment.
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Chapter 1 Depression in older adults
Defining Depression and Late-life Depression
Depression is one of the most prevalent mental health issues in older
adults worldwide (Blazer, 2003). Existing research has recognised depression as
the third most prominent contributor to the worldwide burden of diseases (Collins
et al., 2011). Depressive Disorders in the Diagnostic and Statistical Manual of
Mental Disorders (5th ed; DSM-5) include major depressive disorder (MDD),
persistent depressive disorder (also known as dysthymia), premenstrual dysphoric
disorder, substance-induced specified depressive disorder, disruptive mood
dysregulation disorder, other specified and unspecified depressive disorders. The
common characteristics of depressive disorders involve sadness, feeling empty,
irritability, cognitive and somatic symptoms that affect the significant functioning
of the individual (American Psychiatric Association [APA], 2013). According to
the DSM-5 criteria for making a diagnosis of depression, an individual should be
experiencing five or more symptoms during the same two -weeks period and must
at least have either a depressed mood or loss of interest or pleasure (APA, 2013).
The symptoms include the following:
1. Depressed mood most of the day, nearly every day, as indicated by
either subjective report (e.g., feels sad, empty, hopeless) or observation
made by others (e.g., appears tearful). (Note: In children and adolescents,
can be irritable mood.)
2. Markedly diminished interest or pleasure in all, or almost all, activities
most of the day, nearly every day (as indicated by either subjective
account or observation).
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3. Significant weight loss when not dieting or weight gain (e.g., a change
of more than 5% of body weight in a month), or decrease or increase in
appetite nearly every day. (Note: In children, consider failure to make
expected weight gain.)
4. Insomnia or hypersomnia nearly every day.
5. Psychomotor agitation or retardation nearly every day (observable by
others, not merely subjective feelings of restlessness or being slowed
down).
6. Fatigue or loss of energy nearly every day.
7. Feelings of worthlessness or excessive or inappropriate guilt (which
may be delusional) nearly every day (not merely self-reproach or guilt
about being sick).
8. Diminished ability to think or concentrate, or indecisiveness, nearly
every day (either by subjective account or as observed by others).
9. Recurrent thoughts of death (not just fear of dying), recurrent suicidal
ideation without a specific plan, or a suicide attempt or a specific plan for
committing suicide. (APA, 2013, p.160)
The World Health Organization (WHO) identified depression as a major
cause of disability worldwide, and it occurs among people of all age groups. The
WHO considers age 65 years and above as older adults concerning the individual's
competency in accommodating environmental factors (Sözeri-Varma, 2012).
Most studies on late-life depression have used the definition of Major Depressive
Disorder with onset at the age of 60 or above (Naismith et al., 2012; SözeriVarma, 2012). Espinoza and Kaufman (2014) defined late-life depression (LLD)
2

as depression occurring after 60 years. Depressive symptoms that occur for two
weeks but do not meet all the criteria for MDD, called sub-threshold or
subsyndromal or minor depressive disorder, are more frequently reported among
the older population (Blazer, 2009).
A considerable amount of literature has also distinguished between earlyonset depression, which has onset before the age of 60 with recurrent depressive
episodes in late-life and late-onset depression that develops after the age of 60
(Alexopoulos, 2005; Disabato et al., 2014; Janssen et al., 2007; Sachs-Ericsson et
al., 2013). In addition, these studies have identified differences concerning
symptom presentations, neurobiological factors, course, and prognosis of
depression. For example, Rapp et al. (2005) distinguished between early-onset
and late-onset depression based on neuropsychological functioning, depressive
symptoms and co-morbidity. They found that older adults with late-onset
depression exhibited deficits in executive functioning and attention, increased
rates of anhedonia and higher co-morbidity to cardiovascular illnesses than older
adults with early-onset depression.
Moreover, another longitudinal study that compared differences in early
and late-onset depression symptoms in the older population found higher suicidal
ideation and suicidal behaviour in individuals with early-onset depression than
those with late-onset depression (Sachs-Ericsson et al., 2013). There are also
gender differences in symptoms of depression in the older population. For
instance, men show anger, apathy, anhedonia but not sadness, whereas women
show somatic symptoms and dysphoria (Espinoza & Kaufman, 2014). Studies
have identified several challenges in assessing depression among older adults, and
their results indicated that a better understanding of depression symptoms in older
3

adults is vital. Accurate measurement of depression is fundamental to identify and
assess the risks of developing depressive disorders and intervene at early stages.
Some depression symptoms may be dynamic, and identifying these symptoms is
essential as it could be a primary target of an intervention because they are more
amenable to change, potentially enhancing treatment efficiency.
Prevalence and Co-morbidity of Late-life Depression
Epidemiological studies on depression indicate that the prevalence of latelife depression is substantial, affecting 1-7% of the general older adult population
and up to 13.5% of older individuals who receive home healthcare (CDC, 2017;
Gonçalves-Pereira et al., 2019; Kennedy, 2015; Reynolds et al., 2015). According
to systematic reviews and meta-analyses on MDD, worldwide prevalence rates of
MDD range between 1% to 5% among older adults aged 65 and older (Blazer,
2003; Blazer, 2009; Djernes, 2006; Fiske et al., 2009). The global prevalence
estimate of sub-threshold depression, which does not meet the complete criteria
for MDD, is around 15 % among older adults aged 65 years or above (Blazer,
2009; Fiske et al., 2009; Haigh et al., 2018). However, the prevalence rate of
depression varies noticeably based on the sample studied and may depend on
diagnostic accuracy.
For example, a community-based study conducted in Brazil on the older
population aged 75 years and older found an 11.1% prevalence of late-life
depression and 25.6% prevalence of clinical depressive symptoms (Leles da Costa
Dias et al., 2019). On the other hand, a study completed among the older adults
residing in nursing homes in Mexico found that almost 40% of the older adults
presented depressive symptoms (Arias-Merino et al., 2012). The distinction
between dynamic and enduring depression symptoms can play an essential role in
4

improving the accuracy of estimating prevalence rates of depression. It would also
reduce over-diagnosis of depression as dynamic symptoms often subside shortly
after an assessment.
Furthermore, studies comparing the prevalence of depression among older
adults in rural and urban areas reported higher rates in urban areas compared to
rural areas (Mohd Sidik et al., 2003; Schulman et al., 2002). A substantial amount
of research indicated that people residing in urban areas are at more risk of
developing mental health illnesses compared to those in rural areas (Galea et al.,
2011; Lambert et al., 2015; Srivastava, 2009). Similar to the gender ratio among
younger adults, research indicated that older women are at a higher risk of
depression compared to men (Cole & Dendukuri, 2003; Djernes, 2006; Luppa et
al., 2012). However, Bebbington (1996) pointed out that these prevalence
differences in depressive symptoms between men and women are mainly due to
social factors such as role, support, life events and psychological aspects such as
coping style rather than genetic vulnerability. The study by Bebbington (1996)
seemed to suggest that some of the depression symptoms could be dynamic due to
environmental and social factors, whereas others may be enduring that could be
attributable to genetic factors. This raises the need for a clear distinction between
enduring and dynamic symptoms using appropriate methodology.
Studies have also attempted to distinguish depression in older adults based
on their first encounter- older adults experience the first depression episode in old
age (late-onset) versus the first episode of depression before old age (early-onset).
For example, a study conducted by Brodaty et al. (2001) compared early-onset
and late-onset depression in older adults attending the Mood Disorders Unit and
found that more than 50 per cent of the reported cases of depression had their first
5

episode at the age of 60 or above. Another epidemiological study on depression in
the older population identified the prevalence of subthreshold depression as two
times higher than major depressive disorder (Meeks et al., 2011). Whilst studies
have been carried out to distinguish between late-onset and early-onset
depression; there is limited evidence that considers dynamic and enduring
symptoms in measuring depression. This might impact the reliability of the
measurement of depression as dynamic symptoms often subside after an
assessment, and a lack of reliable distinction between dynamic and enduring
symptoms could potentially lead to misdiagnosis.
The prevalence of late-life depression varies across different countries due
to different reasons. Studies have identified variability in the quality of life,
mortality rate, age, mean income, lack of appropriate universal screening tools,
attribution of depressive symptoms to physical ailments, samples studied and
diagnostic methods that may account for differences across countries. (AriasMerino et al., 2012; Sims et al., 2012). For instance, prevalence rates of
depression range from 2.4% in Japan and 2.7 % in the US up to 35% in China and
even 64.3 % in Mexico (Forlani et al., 2014; Gonçalves-Pereira et al., 2019; Haigh
et al., 2018; Leles da Costa Dias et al., 2019). Another issue that may impact
varying late-life depression prevalence estimates across epidemiological studies is
the lack of tools reliably distinguishing dynamic and enduring symptoms of
depression.
Challenges for accurate diagnosis of depression in older adults are also
related to variability in the clinical presentation of the disease in older age and
overlap of the symptoms with other mental conditions, including delirium
(Grayson & Thomas, 2013; Haigh et al., 2018). In addition, older adults with
6

depression tend to focus more on somatic symptoms instead of reporting
dysphoria or sadness, which often lead to its underdiagnoses (Haigh et al., 2018).
Factors affecting the recognition of depression symptoms have been investigated
in various studies suggesting that older adults are less likely to express their
moods (Sözeri-Varma, 2012). They also often attribute depression symptoms such
as loss of interest and anhedonia to normal ageing process (Jorm, 2001; Kaya,
1999). Additionally, research to date has not yet distinguished dynamic (state) and
enduring (trait) symptoms of depression reflected by specific items in different
measures, which again impacts on the accurate psychometric measurement of
depression in the older population (Kumar et al., 2022). As research on prevalence
rates of depression is conducted either directly or indirectly through online or
using an app, a state-trait distinction and an accurate psychometric measurement
are essential to reduce false positives and false negatives dependent on the
assessment occasion.
A considerable amount of research on depression in older adults indicated
that the clinical presentation, causal factors, and treatment responses are different
in older adults compared with young adults (Kaya, 1999; Sözeri-Varma, 2012).
There are differences in depression symptoms among young and older adults;
however, Haigh et al. (2018) note that empirical evidence is limited to
generalizable conclusions. Furthermore, there is limited literature on whether
these differences result from physiological changes (Sözeri-Varma, 2012).
Therefore, a more accurate assessment of depression and distinction between
dynamic and enduring symptoms will help to identify risks and intervene to
reduce devastating consequences of this condition in the ageing population.
Further research is needed to refine the available psychometric assessments using
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appropriate methodologies and identify sources of measurement errors while
measuring depression.
Etiology and Impact of Late-life Depression
Researchers have identified late-life depression as a public health priority
as it can have devastating consequences among the older population (Haigh et al.,
2018; Meeks et al., 2011). Recent research suggests that depression can be a
feature of the prodrome or early stages of dementia (Baune et al., 2018; Blazer,
2003; Fang et al., 2018; Haigh et al., 2018; Livingston et al., 2020; Naushad et al.,
2018; Perera et al., 2017; Read et al., 2017; Teo et al., 2018; Wang et al., 2018).
Extensive research has shown that depression in older adults is linked to increased
co-morbidity with other disorders, decreased social and cognitive functioning,
self-neglect and increased mortality (Blazer, 2003; Naushad et al., 2018; Perera et
al., 2017; Read et al., 2017; Teo et al., 2018; Wang et al., 2018). These studies
collectively imply the critical role of accurate psychometric measures for
assessing depression in older adults, which is essential for identifying and
monitoring depression at earlier stages and providing an appropriate treatment to
reduce its consequences.
Biological Factors
A growing body of research indicates that depression symptoms in the
older age group are related to several biological, social, psychological,
behavioural, and demographic factors. A recent systematic review and metaanalysis of gene studies of late-life depression suggested a significant genetic
component in its aetiology, indicating that genes are associated with hippocampal
plasticity and stress reactivity (Tsang et al., 2017). Furthermore, they found that
the dysregulation of these pathways contributes to depression in late life. Twin
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studies on LLD have identified low to moderate heritability, with genetic factors
explaining 14% to 55% of the variance, while the remaining variance explained
non-shared environment influences (Carmelli et al., 2000; Johnson et al., 2002).
The environmental influences may cause dynamic or state changes, whereas the
genetic factors are more related to enduring or trait aspects of depression, which
supports the notion that a clear distinction between state and trait aspects of
depression is crucial.
A comprehensive study on biological risk factors of LLD identified
physiological illnesses as leading causal factors to LLD; following by vascular
diseases such as myocardial infarction, coronary heart disease,
hyperhomocysteinemia, and general health factors such as obesity, diabetes
mellitus, poor health status and poor self-perceived health (Aziz & Steffens,
2013). Alexopoulos et al. (1997) coined the term vascular depression hypothesis
for the known co-morbidity of vascular diseases with depression and the relation
between ischemic lesions and distinct behavioural symptoms. It suggested that
"the disruption of prefrontal systems or their modulating pathways by single
lesions or an accumulation of lesions exceeding a threshold are hypothesised to be
central mechanisms in vascular depression" (Alexopoulos et al., 1997). Such
patients show more psychomotor retardation and less psychomotor agitation, less
guilt, poor insight, and more significant cognitive impairment than those without
nonvascular depression (Aziz & Steffens, 2013). Much of the previous population
and imaging studies suggests that cerebrovascular injury and white matter
hyperintensities are associated with LLD. The higher homocysteine levels lead to
cerebral vascular diseases and deficiency of neurotransmitters, increasing risks for
LLD (Culang-Reinlieb et al., 2011; Folstein et al., 2007).
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Furthermore, neuroimaging studies have identified several areas of the
brain, including the anterior cingulate cortex (ACC), orbitofrontal cortex (OFC),
and the hippocampus, to be associated with LLD (Benjamin & Steffens, 2011;
Taylor et al., 2007). A meta-analysis of the magnetic resonance imaging studies
on brain volume anomalies found that individuals with depression had smaller
ACC volumes (Koolschijn et al., 2009). Studies in LLD have also demonstrated
reduced hippocampal volume and smaller OFC volumes in depressed older adults
than non-depressed older adults (Benjamin & Steffens, 2011; Koolschijn et al.,
2009). Additionally, medical co-morbidities such as myocardial infarction,
coronary heart disease, obesity, diabetes, and neurological disorders such as
Parkinson disease can also lead to depression in older adults (Aziz & Steffens,
2013). Overall, these studies highlight the pertinent role of reliable assessment of
depression because it ensures reliable and valid empirical data for identifying
depression symptoms and linking them to specific brain pathologies.
Psychosocial Factors
1. Stressful life events
Psychological and social causal factors of depression are often
interconnected. Most of the studies on aetiology and psychological correlates of
depression to date have been focused mainly on adults and young adults.
Although the underpinning psychological causal factors of the LLD are similar to
those in adulthood, studies indicate that stress is one of the main contributing
factors of depression. Studies proposed that stressful life events make significant
long-lasting changes in the brain’s biology by affecting the functioning of
neurotransmitters and intraneuronal signalling systems, making a person more
susceptible to subsequent episodes of depression even without external stressors
10

(Sadock et al., 2015). Recent stressful events are a strong predictor of the onset of
Major Depressive Episode (MDE). However, there have been mixed opinions on
the impact of stress on the onset of depression, with some clinicians arguing that
life stressors have a partial role in the onset of depression (Sadock et al., 2015).
Stressful life events are likely to be associated with dynamic symptoms reflecting
state aspects. They may be temporary, thereby influencing the accurate
assessment of depression as some of the symptoms may either diminish after an
assessment or may be affected by the assessment occasion.
2. Personality factors
No personality trait uniquely influences a person to develop depression,
even though certain personality traits or personality disorders may pose a greater
risk for MDD and LDD. Numerous studies have considered personality factors,
especially neuroticism, low extroversion, as an essential predictor of the onset of
LLD (Hayward et al., 2013; Steunenberg et al., 2010). It has been suggested that
individuals with a high score on neuroticism tend to respond inadequately to stress
and interpret situations as intimidating, difficult or hopeless (Aziz & Steffens,
2013). Although neuroticism is a personality trait, it is also associated with mood
changes, a state aspect that can lead to misdiagnosis of depression if there is no
clear differentiation between dynamic or enduring symptoms.
3. Psychodynamic theories of Depression
Several studies have identified ambivalent emotional expression and insecure
attachment leading to late-life depression (Morse & Lynch, 2004; Paradiso et al.,
2012). One of the most classic views of depression is the psychodynamic theory
of depression, defined by Sigmund Freud and extended by Karl Abraham. It
proposes that: disruptions in the infant-mother attachment relationship during the
11

oral stage can predispose a person to develop depression in later life; depression is
related to real or imaginary object loss; introjection of the lost objects is a defense
mechanism used to deal with the distress associated with the object’s loss; and
because the lost object is involved love and hate, feelings of anger are directed
towards self (Sadock et al., 2015, p. 354). In addition, the attachment theory
proposed by John Bowlby suggests that problems in early attachments and
traumatic separation in childhood is a risk factor to the onset of depression as any
loss in adulthood would recuperate the traumatic loss in childhood and acts as a
precipitating factor for depression (Bowlby, 2008; Sadock et al., 2015). However,
there is a lack of empirical evidence supporting these theories, perhaps due to
measurement issues.
4. Cognitive theory of Depression
Another well-known theory regarding depression is the cognitive theory,
developed by Aaron T. Beck, which posits that depression results from cognitive
distortions present in an individual vulnerable to depression (Beck, 1967). It
proposed that depression may be caused by the tendency to infer day-to-day
events negatively. These types of thoughts are called cognitive errors, and after
several cycles of adverse events in childhood, the individual may develop a deeprooted negative schema, an enduring negative cognitive belief system about some
aspects of life. These are cognitive templates that distinguish internal and external
data in ways reformed by early life experiences, which are often referred to as
depressogenic schemata. According to Beck’s cognitive triad of depression, the
maladaptive schematic representation of the self, world and future are triggered by
corresponding life experiences. It leads to a preferential processing bias and the
development of negative automatic thoughts and interpretations. A negative
12

attitude results in a negative self-concept, which becomes pathogenic when it
leads to a negative value judgement (Beck et al., 2014).
According to Beck and Alford (2009), individuals with depression express
negative feelings about themselves caused by negative attitudes about themselves
(such as ‘I am worthless’) directed towards self. Furthermore, the interpretation of
their experiences, description of its occurrence and views about the future reflects
personal deficiency, self-blame, and negative expectations (pessimistic view) of
the future (Beck et al., 2014). The cognitive theory proposes that when these
components get activated, individuals interpret their experiences as a personal
defeat; they attribute the defeat as caused by a defect in themselves; regard
themselves as worthless; blames themselves for that attribute and dislike
themselves; they perceive the future as hopeless or filled with pain (Beck et al.,
2014). Consequently, they experience sadness, lack of motivation, thoughts of
self-harm and retardation or agitation. While cognitive theorists proposed the idea
of schemas leading to depression, symptoms such as the feeling of sadness, lack
of motivation and worthlessness may also appear because of temporary changes in
mood or external events rather than due to schemas associated with enduring
patterns in depression. Therefore, it is necessary to identify dynamic and enduring
components of depression as some symptoms can be dynamic while others can be
long-lasting.
5. Learned helplessness theory of Depression
The learned helplessness theory of depression was introduced by
psychologists Martin Seligman and Steven F. Maier. It was first experimented
with helpless behaviour in a laboratory when the dogs were subjected to electrical
shocks from which they could not escape. In a reformulated view of learned
13

helplessness into human depression, internal causative explanations lead to a loss
of self-esteem after adverse external experiences. It is based on the idea that an
individual experiences depression when they attribute the events as
uncontrollable. According to this view, depression results from the real or
perceived absence of a sense of control and mastery of the environment (Maier &
Seligman, 1976; Sadock et al., 2015; Seligman, 1972).
Seligman (1972) pointed out that anxiety comes as the first response to a
stressful event and depression results from marked hopelessness about coping
with stressful events. The negative attributional style of depression is (1) internal,
that the person attributes adverse events as their failure, (2) stable, where an
individual may believe more bad things will happen, even after a specific adverse
event had passed; and (3) global, attributions range across a variety of matters
(Barlow, 2002; Barlow et al., 2016). Studies indicate that negative attributional
style itself did not predict the development of depression; instead, they act as a
precipitant and are a risk factor for depression (Abramson & Alloy, 2006). A
modified version of the learned helplessness theory by Abramson et al. (1989)
deemphasized the impact of negative attributional style and highlighted the sense
of hopelessness as a significant causal factor for depression. According to the
hopelessness theory, an individual gives up and becomes hopeless about regaining
control over adverse events, which causes depression. Although hopelessness can
act as a precipitating factor in depression, people often feel helpless and hopeless
due to current life events. The feelings of helplessness and hopelessness may also
be dynamic and often recede after some time, which may or may not lead to
learned helplessness and depression. Therefore, distinguishing a person’s feelings
of hopelessness and helplessness as a dynamic or enduring component would be
beneficial to formulate successful interventions.
14

Conclusion
Depression is a prevalent mental health issue causing disability in all age
groups and countries. Late-life depression is one of the common mental health
illnesses diagnosed in the older population. However, epidemiological studies
suggest that LLD often goes underdiagnosed, mainly due to problems with limited
resources for an accurate assessment. The causal factors of LLD are quite
different from depression in adulthood. Unlike MDD in adults and young adults, it
is evident that physiological illnesses, neurological and biological factors play a
significant role in the onset of LLD. However, the literature on LLD indicates
limited empirical evidence on various psychological factors and correlates of LLD
and its impact on older adults. Reliable and valid research is the core for a better
understanding of LLD. More research into LLD is necessary to understand LLD
better, and to develop effective prevention and intervention strategies. The studies
mentioned above provide essential insights about LLD and factors influencing its
accurate measurement. Reliable measurement and distinction between enduring
and dynamic symptoms of depression would be crucial for accurate assessment
and to reduce misdiagnosis of LLD. Therefore, investigating the reliability and
generalisability of assessment scores when measuring depression is vital for both
research and clinical practice.
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Chapter 2 Measuring Depression in Older Adults
Overview of Depression Assessment Tools
In addition to the DSM-5 criteria for diagnosis of depressive disorders,
there are numerous assessment tools designed for assessing depression. Although
some instruments measuring depression among adults have also been validated in
adults and older populations, the Geriatric Depression Scale-15 (GDS-15; Sheikh
& Yesavage, 1986) is the only instrument specifically designed to assess
depression in older adults. The other commonly used self-report measures of
depression involve the Center for Epidemiologic Studies Depression Scale (CESD; Sawyer, 1977), Zung Self-rating Depression Scale (SDS; Zung, 1965), Beck
Depression Inventory (BDI; Beck et al., 1996), and the Hospital Anxiety and
Depression Scale (HADS; Zigmond & Snaith, 1983). Table 1 lists the
psychometric properties of common depression measures that have over 1000
citations in Google Scholar (Agrell & Dehlin, 1989; Bjelland et al., 2002; Dunn &
Sacco, 1989; Gabrys & Peters, 1985; Lopez et al., 2010; Snyder et al., 2000;
Trajković et al., 2011; Yesavage et al., 1982; Zung et al., 1965). Among all the
depression measures, GDS was the only measure specifically designed for older
adults, and all other measures were developed to assess depression severity in the
general population.
The Center for Epidemiologic Studies Depression Scale (CES-D)
measures the current level of depression symptoms in a general population, and it
has the highest number of citations (Table 1). It has been shortened for different
populations, a 10-item and 5- item version for older adults, a 9-item version for
screening patients with rheumatoid arthritis (Norris et al., 2004; Irwin et al., 1999;
Martens et al., 2006). The 20 items in CES-D measure perceived mood and level
of functioning during the last week. While CES-D measures four factors 16

depressed affect, positive affect, somatic problems and retarded activity, and
interpersonal relationship problems, emphasising depressed affect, GDS omits
somatic symptoms as they may interfere with age-related symptoms. However,
CES-D items do not assess the diagnostic criteria of appetite, anhedonia,
psychomotor agitation or retardation, guilt, or suicidal ideation (Smarr & Keefer,
2011). The CES-D is utilised as a screening tool to classify people at risk for
clinical depression.
Another commonly used tool is the Hospital Anxiety and Depression scale
(HADS) to assess anxiety and depression symptoms in the general medical
population aged 16 and 65 years. It is a 4-point Likert scale instrument with 14
items scored from 0 to 3, and with seven depression items measuring cognitive
and emotional aspects of depression, mainly anhedonia, and seven items
measuring cognitive and emotional components of anxiety (Smarr & Keefer,
2011). Items measuring somatic symptoms associated with emotional and
physical disorders are omitted. However, it was not developed for the older
population.
The Beck Depression Inventory (BDI) measures depression symptoms and
severity in people aged 13 years and above (Beck et al., 1961). The BDI-II is the
commonly used version (Beck et al., 1996). The revision omitted items related to
weight loss, body image, hypochondria, and working difficulty corresponds to the
Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition (DSM-IV)
criteria (Smarr & Keefer, 2011). The BDI-II consists of items measuring
cognitive, affective, somatic, and vegetative symptoms of depression (Smarr &
Keefer, 2011). It is a self-report 4-point scale indicating the degree of severity in
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which the items are rated not at all (0) to extreme form (3). When compared to
BDI-II, GDS is easy to administer among the older population.
The Zung Self-rating Depression Scale (SDS) developed by Zung (1986)
is a self-administered 20 item assessment tool for depression and mood. It is a
Likert type scale with scores for each item ranging from 1 to 4, and the SDS score
ranges between 20 to 80. The SDS appears to have low to moderate reliability of
scores in older adults, possibly due to the somatic items on the scale (Fiske et al.,
2009)
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Table 1 Psychometric properties of common depression assessment tools and the
number of citations of each scale in Google Scholar (5 April 2022)
Scale

Original reference

Target

Items

population

Cronbach's

Reliability

alpha

(test-

Validity

Google
Scholar

retest)
GDS-30

Yesavage et al, 1982

Older
adults

30

0.69-0.99

0.85-0.94

SDS r=0.840.88; CES-D
r=0.82; BDI
r=0.78

17115

GDS-15

Sheikh & Yesavage,
1986

Older
adults

15

0.75-0.90

0.58

GDS r=0.600.91; MADRS
r=0.78

7345

SDS

Zung, 1965

Adults

20

0.79-0.93

Not
reported

GDS r=0.590.88; BDI
r=0.85-0.86;
CES-D
r=0.81;

12386

MMPID
r=0.59-0.79
BDI-II

Beck et al., 1996

Adults

21

0.76-0.93

0.93

CES-D
r=0.69; PSS
r=0.64; GDS
r=0.71

5530

CES-D
20

Sawyer, 1977

Adults

20

0.86-0.90

Not
reported

BDI-II
r=0.69-0.75;
GDS r=0.82;
SDS r=0.81

58431

HADS-D

Zigmond & Snaith,
1983

Medical
adults

7

0.67-0.90

ICC*=
0.69-0.88

MADRS
r=0.62-0.81;

44124

BDI r=0.620.70; GDS
r=0.72
Notes. *Intraclass correlation coefficient; SDS= Zung Self-Rating Depression Scale; GDS=
Geriatric Depression Scale; BDI-II= Beck Depression Inventory; CES-D= Center for
Epidemiologic Studies Depression Scale; HADS-D= Hospital Anxiety and Depression Scale;
PSS= Perceived Stress Scale; MMPI D= Depression subscale of Minnesota Multiphasic
Personality Inventory; MADRS= Montgomery-Asberg Depression Rating Scale
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The Geriatric Depression Scale
The Geriatric Depression Scale (GDS), developed by Sheikh & Yesavage
(1986), is one of the widely used self-report instruments for assessing depression
that was developed explicitly for older adults (Sjöberg et al., 2017; Tsoi et al.,
2017; Yesavage et al., 1982). The GDS-15 recognises depression while
differentiating it from dementia (Smarr & Keefer, 2011). The original version
contains 30 items, while the shorter form has 15 items (GDS-15), evidence
suggesting it is equally reliable (Pocklington et al., 2016). The GDS-15 is a
screening tool for geriatric depression rather than diagnostic classiﬁcation (Sheikh
& Yesavage, 1986). The shorter version was developed to improve its
acceptability, reduce fatigue or lack of focus in the older population (Smarr &
Keefer, 2011). Its 15 items represent symptoms covering affective (e.g., sadness,
apathy, crying) and cognitive (e.g., worthlessness, hopelessness, helplessness,
guilt) domains of depression. Unlike other tools, the GDS-15 does not assess
somatic symptoms such as pain, and physical symptoms may be inadvertently
confused or conflated (Pocklington et al., 2016; Smarr & Keefer, 2011).
The GDS-15 is easy to administer, requires a shorter time to complete, and
several studies support the reliability and validity of its test scores (Chiesi et al.,
2017; Chiesi et al., 2018; Guerin et al., 2018; Niu et al., 2018; Sheikh &
Yesavage, 1986). In addition, the GDS-15 demonstrates high internal consistency,
with Cronbach's α ranging from 0.74 to 0.86 (Friedman et al., 2005; Marwijk et
al., 1995). A current systematic review on the diagnostic accuracy of the GDS-15
found sensitivity and specificity of 0.89 and 0.77, respectively, for detecting
clinical representation of depressive symptoms at a cut-off score of 5/6 (Benedetti
et al., 2018; Pocklington et al., 2016). Further, the reliability and psychometric
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properties of the GDS-15 were recently evaluated and improved using Rasch
methodology, with transformation tables created to convert GDS-15 raw scores
into interval-level data now available to researchers (Merkin et al., 2020).
Studies investigating psychometric properties of GDS-15 have reported
good construct validity and criterion validity of test scores (Friedman et al., 2005).
For example, a validation study of the GDS-15 on non-demented communityresiding older adults found an overall sensitivity of 0.97 and specificity of 0.95 at
a cut off score of 4 (Nyunt et al., 2009). Evidence also suggests that all the items
of GDS-15 discriminate between individuals with depression and those without
depression (Acousta Quiroz et al., 2021). Furthermore, another study reported
reliability of scores and convergent validity of GDS-15 scores with other
depression measures among immigrant Chinese in Australia (Dow et al., 2018).
However, there are also reports of inconsistencies within the literature suggesting
various factors in the GDS-15. For instance, Imai et al. (2014) identified three
factors- energy loss and pessimistic outlook (factor 1), positive mental status
(factor 2) and empty feeling (factor 3). In addition, they found correlations
between factor 1 and quality of life, factor 2 with daily life activities and factor 3
with subjective cognitive functioning.
On the other hand, a meta-analysis by Kim et al. (2012) on the factor
structures of different language versions of the GDS-15 found the English and
Chinese versions as having four factors each, while the Korean version has six,
and items making up these factors also vary by language. Thus, although
psychometric properties of GDS-15 have been examined in various studies and
have found GDS-15 as a valid and reliable tool for screening depression in
community-dwelling older populations, evidence is limited to name the factors
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equally (Quiroz et al., 2021). A more recent study by Merkin et al. (2020)
achieved a good fit of the GDS-15 to the unidimensional Rasch model identical to
the one-parameter Item Response Theory (IRT) model, which supported
psychometric properties, unidimensionality and internal validity of the GDS
scores and its items. Merkin et al. (2020) has also found that the GDS items were
invariant across personal factors such as age, sex, and diagnosis (e.g., MCI).
However, there is a paucity of studies examining the distinction between the
dynamic and enduring symptoms of depression (Beijers et al., 2019).
State and Trait Distinction in Measuring Depression
Distinguishing dynamic versus enduring aspects of depression helps refine
the test scores and their context-specific applicability and adds information about
the sources of measurement errors when assessing affective disorders. Generally,
traits refer to relatively enduring attributes of a person. It implies individual
differences in vulnerability to the disorder and perception of a stimulus as
depressive (Guillot-Valdés et al., 2020). In contrast, states refer to reactions
dependent on the current context and can reflect an adjustment to a specific
situation (Gana et al., 2016). There has been a trait versus state model of
depression since the 20th century (Ban, 2014). The binary model of depression
proposes two types of depression: endogenous depression and reactive depression
(Bech et al., 1988; Mizushima et al., 2013). Endogenous depression denotes trait
depression, which is stable against external influences, referring to enduring
features likely mediated biologically. In contrast, reactive depression is referred to
as state or dynamic depression, which is more dependent on current life situations
and events (Bech et al., 1988; Gana et al., 2016).
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People with depression experience emotional, psychological, and
physiological symptoms of decreased mood, diminished interest in activities, low
self-worth, fatigue, increased or decreased appetite, and difficulty concentrating
that may change over time (Berman & Furst, 2011). Goldston et al. (2006) found
traits but not state aspects of the Beck Depression Inventory were significantly
linked to suicide attempts. However, there is a paucity of studies examining the
distinction between the dynamic and enduring symptoms of depression (Beijers et
al., 2019). Only a few assessments tools measure both state and trait depression,
such as the Diagnostic Melancholia Scale (Bech et al., 1988) and Maryland Trait
and State Depression Scale (Chiappelli et al., 2014).
The psychometric properties of these scales have not been rigorously investigated
and hence, do not assure the generalizability of results. Therefore, identifying
stable and dynamic depressive symptoms is essential for both research and
clinical practice. Thus, there is a need to distinguish between enduring (state) and
dynamic (trait) aspects of depression across widely used assessment tools of
depression, such as the GDS-15, using appropriate methodology. Clinicians
should seek ways to capture better dynamic (e.g., acute) vs enduring symptoms of
depression, and researchers should better understand the tools that capture these
differences. Moreover, assessing enduring symptoms of depression will permit a
more comprehensive assessment to estimate risks for depression. Evaluation of
dynamic aspects will inform the development of interventions targeting this
affective condition's dynamic and most amenable symptoms.
Conclusion
In addition to the DSM-5 criteria for diagnosis of depression, there are
several instruments available to assess the depression symptoms and severity in a
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range of populations. However, only GDS and its shorter versions were the most
common assessment tools used explicitly for measuring depression in older
adults. The psychometric properties of the GDS-15 suggest it is a reliable and
valid tool for assessing depression in ageing populations, and it is easy to
administer. However, studies are limited in exploring the dynamic and enduring
properties of depression assessed by the GDS-15 and its temporal stability. A
distinction between dynamic and enduring symptoms within a measurement helps
to reduce errors in assessment and misdiagnosis as well as to identify the most
amenable symptoms. Therefore, differentiating dynamic and enduring symptoms
of depression in GDS and different depression assessment tools need further
exploration.
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Chapter 3 Theories of measurement
Measurement refers to assigning scores to individuals such that these
scores denote characteristics of the individuals (Nunnally, 1994). Everitt (2006)
defined psychometrics as "the study of measuring psychological characteristics
such as abilities, aptitudes, achievement, personality traits and knowledge" (p.3).
Traditionally, psychometrics has been widely applied in intelligence and
achievement testing. However, recent psychometrics works are mostly associated
with measuring unobserved or latent traits and variables (Wilson & Gochyyev,
2014). The most important concepts within psychometrics are test reliability and
test validity. The test reliability indicates how consistently a test measures what it
is supposed to measure. A test is considered valid if it measures what it claims to
be measuring (Wilson & Gochyyev, 2014). Test reliability is one of the most
common concepts in Classical Test Theory (CTT) and Generalizability theory (Gtheory). CTT is often described as the foundational measurement model (Cardinet
et al., 2011). This chapter discusses and compares the core constructs in CTT and
G-theory and explains how G-theory has been utilised in distinguishing state or
dynamic and trait or enduring aspects in a measure.
Classical Test Theory
The classical test theory provides the foundations of the true-score model
and the reliability estimations (De Gruijter & Leo, 2007). CTT postulates basic
assumptions about relationships between the true, error, and observed scores. In
the CTT model, an individual's observed score on a test is assumed to combine an
individual's true score and random measurement error. Thus, CTT proposes that
an observed score (X) on a test is the sum of a true score (T) and an error score
(E) (Lord & Novick, 1968). It is defined by the equation as follows:
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𝑋 =𝑇+𝐸

(1)

The true score corresponds to an individual’s expected observed score on an
assumed infinite number of repeats of the measure with no carryover effects
(Vispoel et al., 2018). Based on the assumption that both T and E are independent
and variances are additive, the variance (𝜎) of the observed score is the total
variance of the true score and the error score variance. It is represented as follows:
𝜎𝑋2 = 𝜎𝑇2 + 𝜎𝐸2

(2)

The reliability of the test is central to CTT, and it refers to the accuracy in
measurement, described as the consistency of test scores over repeated
measurements (Brennan, 2001). The assumptions of CTT by Lord & Novick
(1968) lead to the formulation of the ratio of reliability coefficient, that is, the
degree of true variance within the total observed variance, expressed by the
formula as follows:

Reliability coefficient = 𝑃𝑥𝑥 =

𝜎𝑇2
2
𝜎𝑋

=

𝜎𝑇2
𝜎𝑇2 +𝜎𝐸2

(3)

where 𝜎𝑇2 𝑖𝑠 𝑇𝑟𝑢𝑒 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑎𝑛𝑑 𝜎𝐸2 𝑖𝑠 𝑡𝑜𝑡𝑎𝑙 𝑒𝑟𝑟𝑜𝑟 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒.
The computation of reliability coefficient in the CTT is based on the
parallel test assumption that “parallel forms of a measure can be created in which
an individual has the identical true score on both forms, variances of observedscore are same across forms and error scores are not correlated either with true
score or each other (Vispoel et al., 2018). The standard error of measurement
(SEM) is “the inconsistency within-person in score-scale units” (Wang &
Osterlind, 2014, p.37). It denotes the standard deviation of an assumed set of
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repeated measurements on the same person. The SEM is calculated after the
reliability coefficient is computed, as follows:
𝑆𝐸𝑀 = 𝜎𝑋 √1 − 𝑃𝑋𝑋

(4)

Equation 4 implies that SEM = 0 if there is only true variance. In the CTT,
the reliability of test scores and error variance is restricted to a single element
such as the test items (Cronbach's alpha), the occasion (test-retest), or the rater
(inter-rater reliability). The internal consistency analyses investigate errors related
to items' differences, while test-retest reliability evaluates errors associated with
variations across time. Other sources of error are encompassed within the "true"
score in both circumstances. For example, this variation could be attributable to
the systematic error, the measuring item, or multiple testing occasions, but CTT
cannot distinguish between these many causes of error. Even though the test-retest
reliability coefficient is a standard CTT method for evaluating the consistency of
assessment scores over time and differentiating measurements of state versus trait,
this method does not consider multiple error sources such as test items, occasions,
and their interactions with an individual (Medvedev et al., 2021).
Generalisability Theory
G-theory is an advanced statistical method that estimates all possible error
variances and their influences on the overall reliability (Cronbach et al. 1963;
Truong et al., 2020). It also emphasises how precisely the observed scores enable
us to generalise the participants' behaviour in a defined set of situations
(Shavelson et al., 1989). G-theory can be considered as an extension of Classical
Test Theory (CTT), which postulates that every test score consists of true and
error variance, but it transcends CTT’s assumption of considering error as a single
factor (Cronbach et al. 1963). In natural environments, there are different sources
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of influence such as individual’s personality, characteristics of measurement tool,
and occasional (e.g., time) that may contribute to measurement error. G-theory
based studies allow researchers to investigate score reliability by simultaneously
finding several systematic and unsystematic measurement errors (Brennan, 2010;
Shavelson et al., 1989). G-theory is applied at the item level since the whole point
of this method is to break down variance into its atomic or constituent parts,
which means down to the item level (Forrest et al., 2021). In fact, the first papers
on G-theory used binary outcome measures as item responses (1, 0) to
demonstrate how G-theory worked and the appropriateness of binary data for this
methodology (Brennan, 2001).
Unlike Classical Test Theory (CTT), which considers a single aspect of
reliability such as test-retest or internal consistency, G-theory evaluates all
possibilities of measurement error that may influence the true score. In addition, it
includes interactions between persons and other factors potentially affecting the
measurement (Medvedev et al., 2021; Truong et al., 2020). Any distinct sources
of variance in test scores are referred to as facets; facets may be the persons tested
(P), the test items (I), and the testing occasion (O), as well as their interactions
(Medvedev et al., 2021). In G-theory, the variance related to persons tested is
considered the true variance, and it is referred to as the differentiation facet with
other facets, such as items and occasions considered sources of measurement error
(Paterson et al., 2018). Further explanation of facets is discussed in the data
analyses subsection of chapter 4.
G-theory utilizes analysis of variance (ANOVA) for estimating error
variances caused by each measurement facet. In G-theory, a single measurement
of behaviour (such as item score, subscale score, rating) is theorized as a sample
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from a universe of acceptable observations for targeted objects of measurement,
denoted as persons. Attributes of the assessment such as individual items of a
scale, block of items, prompts, raters or occasions are represented as facets
(Vispoel et al., 2018). It is similar to the factor in an ANOVA model.
The Generalizability coefficient (G-coefficient) in G-theory is similar to
the reliability coefficients in CTT; the main difference between these two is that
G-coefficient is estimated by considering individual sources of measurement error
(Vispoel et al., 2018). It can be explained using the following equation:
𝑈𝑛𝑖𝑣𝑒𝑟𝑠𝑒−𝑠𝑐𝑜𝑟𝑒 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒

G-coefficient = 𝑈𝑛𝑖𝑣𝑒𝑟𝑠𝑒−𝑠𝑐𝑜𝑟𝑒 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒+ 𝐼𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑠𝑜𝑢𝑟𝑐𝑒𝑠 𝑜𝑓 𝐸𝑟𝑟𝑜𝑟 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 (5)
In the Generalizability analysis, individual variance components of each
facet such as persons, items or occasions are calculated first by repeated measure
factorial analysis of variance (ANOVA) to assess the relative influence of
individual error variances on overall measurement error (Medvedev et al., 2017).
These sources of error variances are also referred to as “noise”. It is then
corrected using Whimbey’s correction method. Whimbey’s correction accounts
for the sampling used (e.g., random, fixed or mixed). It does not affect facets
drawn from infinite populations such as persons (Paterson et al., 2018). The ratio
between variances in scores due to the primary variable being measured and the
total observed variance is expressed by a reliability coefficient called an intraclass coefficient (ICC), which ranges from 0 to 1. It was initially introduced in
CTT, almost similar to the signal-to-noise ratio (SNR), which can be extracted
from any ANOVA analysis. Equation 6 demonstrates that SNR is equivalent to
the square of effect size (ES2); it denotes the ratio of variance in the variable X
(∆X) to the total variance (𝜎 2 ) in the data set (Bloch & Norman, 2012).
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𝑆𝑁𝑅 = 𝐸𝑆 2 =

∆𝑋 2

(6)

𝜎2

ICC as per SNR definition is defined using the following formula
(Medvedev et al., 2017):
𝑆𝑁𝑅

𝐼𝐶𝐶 = 1+𝑆𝑁𝑅

(7)

In G-theory, ICC refers to the G-coefficient, and it is defined as the ratio
of observed (true) variance caused by the object of measurement to the total
variance of universe scores (observed variance and error variance) (Shavelson et
al., 1989).
Vispoel et al. (2018) demonstrated assumptions of G-theory that persons
are sampled at random from an intended population of interest, and items and
occasions are sampled at random from a broader universe of similar items and
occasions, respectively. The G-theory consists of two critical concepts, the object
of measurement or facet of differentiation which refers to the true variances
between persons, and the facets of generalisation, which implies factors or
potential sources of variances affecting the measurement scores (such as
occasions and raters). In a single facet design (item or occasion is the only
measurement facet of interest), an observed score represents the sum of grand
mean and effects of persons, the measurement facet of interest (item or occasion)
and the combination of persons and measurement facet. For example, the
following equation denotes the repeated measures, random-effects ANOVA
model in a person × items (P × I) design with person as the object of
measurement and item as the measurement facet of interest:
𝑌𝑝𝑖 = 𝜇 + (𝜇𝑝 − 𝜇) + (𝜇𝑖 − 𝜇) + (𝑌𝑝𝑖 − 𝜇𝑝 − 𝜇𝑖 + 𝜇)
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𝑌𝑝𝑖 = 𝑔𝑟𝑎𝑛𝑑 𝑚𝑒𝑎𝑛 + 𝑝𝑒𝑟𝑠𝑜𝑛 𝑒𝑓𝑓𝑒𝑐𝑡 + 𝑖𝑡𝑒𝑚 𝑒𝑓𝑓𝑒𝑐𝑡 + 𝑝𝑒𝑟𝑠𝑜𝑛 ×
𝑡𝑎𝑠𝑘 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑜𝑡ℎ𝑒𝑟 𝑒𝑟𝑟𝑜𝑟

(8)

where Ypi denotes the score of a person on an item.
The G-coefficient estimates the generalisability of test scores across
populations and occasions, and it ranges from 0 to 1. G-coefficient implies the
ratio of the observed (true) variance attributable to the object of measurement and
the total variance of the universe scores, including observed variance and the error
variance (Medvedev et al., 2020). In a single facet design, person × item, Gcoefficient is calculated as follows:
𝜎𝑝2

Generalisability (G) coefficient =
𝜎𝑝2

+

𝜎2
𝑝𝑖,𝑒

(9)

𝑛𝑖

where σp2 is the variances of scores across persons, σ2pi, e is the observed score of
person × item interaction and related error, and ni is the number of items.
The index of consistency of scores is based on whether they are used for
norm-referenced or criterion-referenced decisions (Vispoel et al., 2018). G-theory
differentiates between relative or norm-referenced and absolute or criterionreferenced measurement decisions, whereas CTT only emphasises relative
decisions (Webb & Shavelson, 2005). A relative decision aims at the rank
ordering of individuals (interpretation of test scores based on ranks or norms),
whereas an absolute decision focuses on an individual’s performance regardless of
others (domain or criterion-referenced interpretations). The relative G-coefficients
only explains the variances directly affecting a measurement tool, such as personoccasion and person-item interactions.
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On the other hand, the absolute G-coefficient is analogous to the phi (φ)
coefficient and accounts for absolute error variance that involves both direct and
indirect factors (such as items and occasions) influencing an absolute measure
(Medvedev et al., 2020). The main limitation of the reliability index for a singlefacet design is that they do not account for and differentiate between the critical
sources of measurement errors, which typically impact scores derived from
individual variances measures: random-response, specific-factor, and transient
(Vispoel et al., 2018). The Random-response error indicates “noise” influencing
scores within a specific administration occasion resultant from moment-tomoment variations in mood, attention, memory, and other factors. Specific-factor
error reflects the invariable response to items not related to the construct being
assessed. Transient error represents stable factors that impact scores within a
specific occasion (such as fatigue, illness, and motivation) but are inconsistent
across occasions. Vispoel et al. (2018) suggested that reliability is likely to be
overestimated if each source of variability is not considered in a measurement.
Therefore, a G-theory two-facet design of person × item × occasion has
the advantage of evaluating all possible sources of measurement error. For
example, Vispoel et al. (2018) demonstrated that in a two-facet, person × item ×
occasion design, an observed score with the random-effects ANOVA model could
be computed by the following equation:
𝑌𝑝𝑖𝑜 = 𝜇 + (𝜇𝑝 − 𝜇) + (𝜇𝑖 − 𝜇) + (𝜇𝑜 − 𝜇) + (𝜇𝑖𝑜 − 𝜇𝑖 − 𝜇𝑜 + 𝜇) +
(𝜇𝑝𝑖 − 𝜇𝑝 − 𝜇𝑟 + 𝜇) + (𝜇𝑝𝑜 − 𝜇𝑝 − 𝜇𝑜 + 𝜇) + (𝑌𝑝𝑖𝑜 − 𝜇𝑝𝑖 − 𝜇𝑝𝑜 −
𝜇𝑖𝑜 + 𝜇𝑝 + 𝜇𝑖 + 𝜇𝑜 − 𝜇)

(10)
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𝑆𝑐𝑜𝑟𝑒 𝑜𝑓 𝑎 𝑝𝑒𝑟𝑠𝑜𝑛 𝑜𝑛 𝑎 𝑖𝑡𝑒𝑚 𝑜𝑛 𝑜𝑛𝑒 𝑜𝑐𝑐𝑎𝑠𝑖𝑜𝑛
= 𝑚𝑒𝑎𝑛 𝑎𝑐𝑟𝑜𝑠𝑠 𝑝𝑒𝑟𝑠𝑜𝑛𝑠, 𝑖𝑡𝑒𝑚𝑠 𝑎𝑛𝑑 𝑜𝑐𝑐𝑎𝑠𝑖𝑜𝑛𝑠
+ 𝑝𝑒𝑟𝑠𝑜𝑛 𝑒𝑓𝑓𝑒𝑐𝑡(𝑝) + 𝑖𝑡𝑒𝑚 𝑒𝑓𝑓𝑒𝑐𝑡(𝑖) + 𝑜𝑐𝑐𝑎𝑠𝑖𝑜𝑛 𝑒𝑓𝑓𝑒𝑐𝑡(𝑜)
+ 𝑖𝑡𝑒𝑚 × 𝑜𝑐𝑐𝑎𝑠𝑖𝑜𝑛 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛(𝑖 × 𝑜)
+ 𝑝𝑒𝑟𝑠𝑜𝑛 × 𝑖𝑡𝑒𝑚 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛(𝑝 × 𝑖)
+ 𝑝𝑒𝑟𝑠𝑜𝑛 × 𝑜𝑐𝑐𝑎𝑠𝑖𝑜𝑛 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛(𝑝 × 𝑜)
+ 𝑝𝑒𝑟𝑠𝑜𝑛 × 𝑡𝑎𝑠𝑘
× 𝑜𝑐𝑐𝑎𝑠𝑖𝑜𝑛 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑜𝑡ℎ𝑒𝑟 𝑒𝑟𝑟𝑜𝑟 (𝑝 × 𝑡
× 𝑜, 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑒𝑟𝑟𝑜𝑟)
In a two-facet design, the variance of individual scores is given by the sum of
variance components of all main effects and their interactions, which can be
expressed using the following equation:
2
2
2
2
𝜎𝑌2𝑝𝑖𝑜 = 𝜎𝑝2 + 𝜎𝑖2 + 𝜎𝑜2 + 𝜎𝑝𝑖
+ 𝜎𝑝𝑜
+ 𝜎𝑖𝑜
+ 𝜎𝑝𝑖𝑜,𝑒

(11)

Medvedev et al. (2017) proposed the state component index (SCI) to
compute the relative ratio of state to trait aspect using the absolute variance due to
person × occasion interaction, which accounts for all potential error variances in
the data. It is expressed as the following formula:
𝜎2

𝑠
𝑆𝐶𝐼 = 𝜎2 +𝜎
2
𝑠

(12)

𝑡

2
where 𝜎𝑠2 = 𝜎𝑝𝑜
is the noise or error variance caused by person × occasion

interaction that impacts trait scores and 𝜎𝑡2 = 𝜎𝑝2 (variance of persons or trait
aspect). The error variances associated with person × occasion interaction in a
scale score implies a scale’s sensitivity to dynamic changes, thereby reflecting a
state or dynamic aspect (Medvedev et al., 2017). For example, an SCI value of
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1.00 indicates no trait aspect and only individual state is measured, which is
improbable as the trait is a basic predictor of state (Epstein, 1994). On the other
hand, an SCI > 0.60 reflects a state measure, and the higher the score reflects the
ability to capture dynamic (state) changes. Similar to SCI, a trait component index
(TCI) can be calculated using the following formula:
𝜎2

𝑡
𝑇𝐶𝐼 = 𝜎2 +𝜎
2
𝑡

(13)

𝑠

G-Theory's application consists of two stages: a G (Generalizability) study
and a D (Decision) study. The G-study includes estimating the G-coefficient,
reflecting the overall reliability and generalizability of the assessment scores
obtained across participants and occasions. G-study results enable us to
distinguish between scales measuring dynamic (state) and enduring (trait) aspects.
The D-study involves experimenting with the measurement design of a scale (e.g.,
modifying item content) and permits an investigator to evaluate how variations in
different facets impact reliability and, thereby, determine the most suitable
measurement protocols (Medvedev et al., 2021). This advanced statistical method
is increasingly being used to investigate measurement tools' psychometric
properties and improve measurements; however, studies utilizing G-theory to
distinguish dynamic and enduring symptoms are limited.
State and Trait Distinction using G-theory
The test-retest reliability coefficient is a standard CTT method for
evaluating the consistency of assessment scores over time, which is merely a
correlation of the total test scores at two points of time. This method uses total
scale scores and cannot differentiate between enduring and dynamic symptoms
because it does not consider the variability of individual items, effects of
occasion, person and their interactions in one omnibus analysis (Medvedev et al.,
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2021). For example, if a person depression score improves by 1 point on one
symptom and decreases by 1 on another symptom, the total score remains the
same, and the true variability of symptoms and reliability of a scale cannot be
accurately estimated using the test-retest CTT method.
Generally, structural equation methods such as latent trait-state models can
also be used to distinguish between the stable and occasion specific variance as
they also use analysis of variance as utilized in G theory (Cole et al., 2005;
Prenoveau, 2014). However, unlike G theory, these models were not explicitly
designed to estimate reliability and generalisability of assessment scores by
considering all sources of error, and their interactions and application of these
models have been somewhat limited. To distinguish dynamic and enduring
aspects, G-theory utilizes the established procedures (Cardinet et al. 2010;
Medvedev et al., 2017) such as two-way repeated-measures ANOVA to estimate
the variance due to object of measurement (persons) and sources of error variance
due to occasion, item, person-occasion, person-item, and person-occasion-item
interactions. The basic assumptions of this analysis are that enduring aspects will
be reflected by person variance (e.g. true differences between individuals) and
high generalisability of scores across occasions (Arterberry et al. 2014), while
dynamic aspects should have low generalizability of scores across occasions and a
relatively high amount of variance associated with person-occasion interactions
reflecting individual’s state (Medvedev et al., 2017).
A study by Medvedev et al. (2017) suggested that a distinction between
enduring and dynamic symptoms is necessary to establish true reliability. It is
only possible through repeated measures. The test-retest reliability is the
universally used method for evaluating consistency in scores of psychological
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measures across two occasions; however, it does not explain multiple
measurement errors affecting observed scores on a particular testing occasion
(Medvedev et al., 2021). It only correlates total scores at two occasions and does
not consider variability across individual test items. For instance, if one item score
increases by 2 and another decreases by 2, it will not affect test-retest reliability,
and dynamic changes reflected by these items that impact reliability remained
unnoticed.
G-theory is utilised to explore multiple sources of measurement error and
evaluate the generalisability of scores across occasions. The application of Gtheory to distinguish state and trait is novel, and only a few studies have utilised
G-theory to measure temporal reliability and distinguish enduring and dynamic
symptoms in psychological measures. For example, a recent study by Medvedev
et al. (2021) applied G-theory to identify dynamic and enduring symptoms of
schizophrenia by evaluating the psychometric properties of the widely used
Positive and Negative Syndromes Scale (PANSS; (Kay et al., 1987) and found
that the scale predominantly measures enduring symptoms. They also
distinguished enduring and dynamic symptoms in PANSS in general symptoms,
positive symptoms and negative symptoms subscale. The study results reported
that all subscales measure enduring symptoms relatively more than dynamic
symptoms. The most stable symptoms included in the general subscale were poor
attention, mannerisms and posturing; delusions on the positive symptoms
subscale; blunted affect; and poor rapport in the negative symptoms subscale.
In addition, Paterson et al. (2017) used G-theory to distinguish between
state and trait aspects of depression in children using the widely applied Children
Depression Inventory (CDI) (Kovacs, 1992). They found two-thirds of variance
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attributed to stable symptoms and showed reasonable sensitivity to occasionspecific symptoms of depression in children. G-theory has also been applied to
evaluate psychometric properties of other widely used measures such as the
Perceived Stress Scale (PSS; Miller et al. (2020) and the Rivermead Post
Concussion Symptoms Questionnaire (RPQ; Medvedev et al. (2018). However,
no studies have used G-theory to evaluate temporal reliability and distinguish
between dynamic and enduring symptoms of depression using the GDS-15 scale.
Aim of Present Study
An accurate distinction of dynamic and enduring components in a
measurement is necessary to diagnose and monitor depression as well as to
develop appropriate treatment interventions. The most common approach to
evaluating reliability is CTT, centred at test-retest reliability coefficients. While
the CTT method supposes all possible sources of measurement error as a single
factor, the G-theory assesses all potential sources of measurement error, including
scale items, assessment occasions and their interactions. Therefore, G-theory is
also a suitable method for distinguishing between dynamic and enduring
symptoms and estimating the overall reliability of test scores and specific sources
of measurement error. The GDS-15 is a widely used assessment tool to measure
depression symptoms in the older population, and it has appropriate psychometric
properties. However, its temporal reliability of scores and the ability to distinguish
between dynamic and enduring symptoms of depression have not been examined
yet using the appropriate methodology. Therefore, the present study aimed to
apply G-theory in a novel way at the item and scale level to partial out potential
sources of variance and distinguish enduring and dynamic symptoms of
depression assessed by the GDS-15 with a non-clinical sample of older adults.
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Chapter 4 G-study Methods and Results
Purpose
The present study aims to investigate the temporal reliability of GDS-15
utilising G-theory and distinguish dynamic and enduring symptoms assessed by
the GDS-15 items. The study also purports to identify all possible sources of
measurement error affecting the reliability and generalizability of scores. The
study utilised longitudinal data from older adults collected over ten years. The Gtheory analysis involved a G-study and D-study. G-study examined the sources of
measurement errors or error variances and the overall generalizability of the GDS15. The D-study investigated the psychometric properties of all items in the GDS15 and involved experimenting with the measurement design. The Human
Research Ethics Committee of the University of Waikato approved the study,
ethics approval application number HREC(Health)2020#41 (see Appendix B).
Participants
At baseline, participants were older adults aged 70 to 90 years residing in
the community in the Eastern suburban areas of Sydney, Australia, who were
invited to participate in the Sydney Memory and Ageing Study (MAS) via the
electoral roll (Sachdev et al., 2010). The MAS study examined the prevalence of
mild cognitive impairment (MCI) and psychological and behavioural symptoms in
the non-demented older population (Sachdev et al., 2010). Studies suggest that
GDS-15 is unsuitable for people with cognitive and communication difficulties
(Azulai & Walsh, 2015), and the reliability of GDS-15 test scores varies with
impaired cognitive functioning (Quiroz et al., 2020). However, the validation
studies of GDS-15 demonstrated it to be a valid tool in non-demented populations
and people with mild cognitive impairment making it an appropriate tool for the
MAS study (Nyunt et al., 2009; Quiroz et al., 2020).
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Inclusion criteria at baseline were English proficiency sufficient to
complete psychometric assessments and self-report questionnaires. Exclusion
criteria of the MAS study were any major psychiatric illnesses, acute psychotic
symptoms, recent diagnosis of multiple sclerosis, motor neuron disease,
developmental disability, progressive malignancy, and a current or previous
diagnosis of dementia. Out of 8,914 adults invited, 1,037 participants were
eligible and recruited to form the baseline sample (Occasion 1, Wave 1).
Participants were assessed biennially, with each assessment being referred to as a
"Wave" and each time the GDS was administered being referred to as an
"Occasion". Because the GDS was not administered at Wave 5 but was
administered at Wave 6, the Wave 6 administration is referred to as Occasion 5 of
the GDS. Written consent was sought from all participants and informants
involved in this study, and the study was approved by the University of New
South Wales Human Ethics Review Committee (HC 05037, 09382, 14327). A
more detailed description of recruitment methods and baseline demographic data
has been described earlier by Sachdev et al. (2010). Figure 1 represents the
consort diagram that includes the number of participants who completed the GDS15 on each occasion and the total number of participants diagnosed with dementia
at each wave.
Of the 1037 participants, 354 (35%) had completed the GDS-15 on all five
occasions across the six Waves (10 years) and thus were included in the present
G-analyses. Participants who did not complete the GDS-15 on at least two
occasions (n = 655) were excluded from the analyses. Data could be missing at
each wave due to the following reasons: either the participant was not contactable
or could not complete the assessment at that wave, the participant had withdrawn
from the study or died, or the participant had advanced dementia and could not
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answer questions in later Waves. In the data included for analyses, less than 1% of
responses to individual items were missing, so they were imputed using mean
imputation for the respective Wave (Huisman, 2000). The sample size of 354 used
for the current study surpassed the required sample size for repeated measure
ANOVA over five occasions to achieve the power (1-β) of 0.95 to detect a small
effect size of 0.15 at a p-value ≤ 0.05.
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Figure 1 CONSORT diagram showing n (%) of participants who completed GDS
at each Wave/Occasion and n of participants with a diagnosis of dementia at each
Wave/Occasion.

Enrolment
n = 1037 healthy participants

Wave 1/Occasion 1
Completed GDS n = 1033 (99.6%)
Diagnosis of Dementia n = 0

Wave 2/Occasion 2
Completed GDS n = 858 (82.7%)
Diagnosis of Dementia n = 24

Wave 3/Occasion 3
Completed GDS n = 754 (72.7%)
Diagnosis of Dementia n = 53

Wave 4/Occasion 4
Completed GDS n = 671 (64.7%)
Diagnosis of Dementia n = 82

Wave 5
Completed GDS n = 0 (0%)
Diagnosis of Dementia n = 79

Excluded
(GDS not administered))

Wave 6/Occasion 5
Completed GDS n = 354 (34%)
Diagnosis of Dementia: n = 124

Measure
The Geriatric Depression Scale: GDS-15
The GDS-15 (Sheikh & Yesavage, 1986) was designed to measure depression
in the ageing population. The scale contains 15 dichotomous questions with
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response options "yes" or "no" about how a participant has felt over the past week
(e.g., "Are you basically satisﬁed with your life?"), with "yes" scored as 1 and
"no" scored as 0. Scores are summed across the 15 items and range from 0 - 15,
with a score of 0 – 4 suggesting the absence of depressive symptoms, a score of 5
– 8 indicating mild depressive symptoms, a score of 9 to 11 indicating moderate
depressive symptoms and a score of 12 or more indicating severe depressive
symptoms. (Sheikh & Yesavage, 1986). In the current sample, Cronbach's alpha
was 0.79, which is consistent with previous reports (Gana et al., 2016; Marwijk et
al., 1995).
Participants completed the GDS as part of a questionnaire packet mailed to
them prior to the face-to-face assessment. If required, incomplete or missing data
were collected on the assessment day by the research assistant. In the MAS study,
Item 9 of the GDS added the phrase "at night", consistent with the Brink (1982)
methodology, such that the question read, "Do you prefer to stay at home at night,
rather than going out and doing new things?", where the original version of the
question read "Do you prefer to stay at home rather than going out and doing new
things?". To determine whether this would affect the classification of depression,
statistical analysis was performed on two data sets from the same sample—the
GDS-15 consistent with the version used in MAS and the GDS-15 consistent with
the more common version, which omits 'at night'. Applying the identical cut-point
for depression (score ≥6), the results showed a high level of agreement among the
two versions (kappa = .931) with a total of only four false positives and no false
negatives out of a sample of 354 in the MAS study for validating this item
(Sachdev et al., 2010). Appendix C provides the description and scoring of GDS15.
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Data Analyses
Descriptive statistics, including means, standard deviation (SD), repeatedmeasures ANOVA over time, and reliability coefficients, including Cronbach's
alpha and the intraclass correlation coefficient (ICC), were calculated using IBM
SPSS 27 software. The G-theory analyses were conducted using EduG 6.1-e
software (Swiss Society for Research in Education Working Group, 2006),
following the guidelines explained in Cardinet et al. (2010) and Truong et al.
(2020). Both G-study and D-study involved a two-facet design (person × item ×
occasion). Facets item (I) and occasion (O) were the two facets of interest, also
called instrumentation facets, and person (P) was the object of measurement, also
called the differentiation facet; these were expressed as P × I × O (Cardinet et al.,
2010; Truong et al., 2020; Vispoel et al., 2018). Facet I was fixed given that the
same items of assessments were used among all participants involved in the study
and across all occasions, whereas the P and O facets were defined as infinite.
Importantly, facet P was not a source of measurement error but the object
of measurement. Facet person (P) is the person universe score, item (I) is the item
effect, and occasion (O) is the occasion effect. P × I represents the interaction
between person (P) and item (I), averaged over occasions. P × O is the
interaction effect of the person (P) and occasion (O), averaged over items (I), and
indicates the individual state. I × O represents the effect of interaction among
items and occasions. P × I × O, e is the interaction between person, item and
occasion, including a random error e. Figure 2 graphically illustrates variance
components of person, item and occasion and their respective interactions as
overlapping areas.
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Figure 2 Venn diagram representing variance components (δ ) of the person (P)
x item (I) x occasion (O) observational design including interactions.

In a study applying the G-theory method, all sources of error variances are
regarded as 100% after controlling for person variance (P), which indicates true
differences between persons (Cardinet et al., 2010). G-Theory estimates for the
design person by item by occasion, also stated as P × I × O were computed using
the formulas in Supplementary Table S1 (Shavelson et al., 1989). The G-study
estimates a G-coefficient, which involves a factorial ANOVA corrected for the
type of sampling included, and it reflects the generalizability of test scores across
persons and occasions (Medvedev et al., 2020). Essentially, G-coefficient is a
ratio of true (person) variance to the total variance in the data, including
measurement errors (Cardinet et al., 2010). It was demonstrated empirically that
ANOVA can be applied for measurement designs using binary ordinal variables
with response categories such as 0 (e.g., absence of a symptom) and 1 (e.g.,
presence of a symptom), which requires at least 40 degrees of freedom
44

irrespective of distribution and 20 degrees of freedom if at least 20% of
respondents endorsed either category (Luney, 1970). These conditions are
satisfied with the current sample data.
There are two reliability coefficients for the object of measurement
(person) in a generalizability study, relative G-coefficient (Gr) and absolute Gcoefficient (Ga). The relative measurement model is based on a norm-referenced
approach in which a person's assessment score is compared against others' scores
(Vispoel et al., 2018). Gr accounts for relative error variance (δ2), which directly
impact on the P facet (object of measurement) such as person and occasion
interaction P × O, and person and item interaction P × I, adjusted for facet sample
sizes (Shavelson et al., 1989). Ga is similar to the commonly used Phi (φ)
coefficient and accounts for absolute error variance that includes both direct and
indirect factors such as items and occasions interaction influencing an absolute
measure (Medvedev et al., 2020). Both G coefficients estimate the reliability of a
stable pattern of measurement when the person (P) is a differentiation facet. Gr of
0.80 or higher reflects good reliability and generalizability of assessment scores
(Cardinet et al., 2010), whereas Ga above 0.70 is determined as acceptable
reliability (Arterberry et al., 2014; Truong et al., 2020).
Both state component index (SCI) and trait component index (TCI) was
computed to represent the variance proportion attributed to a dynamic and an
enduring pattern in a measure (Medvedev et al., 2017a). SCI of 0.60 or higher
(TCI<0.40) indicates that variance reflects dynamic patterns. On the other hand,
TCI above 0.60 (SCI<0.40) implies that a variance reflects enduring patterns. Dstudy was utilised to modify the initial measurement tool used for the G study. In
the D-study, variance components were calculated for each separate item, and the
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effects of removing facets levels were examined to enhance the reliability of the
GDS-15.
Results
Participants
The demographic characteristics of the total sample and sub-sample of the
G-study are presented in Table 1, which does not include ethnicities due to
homogeneity of both samples, including 98% of Caucasian, 1% Asians and 1%
Indigenous Australians. In addition, the age range and proportion of males and
females and education levels were comparable between the full sample and the
subsample used for the current study. All 354 participants included in this study
completed the GDS-15 on all five occasions across the six Waves (10 years).
Participants who did not have GDS data on all five occasions were excluded from
analyses due to the requirement of complete data for the G-theory application. At
baseline, the current sample (n=354) did not differ significantly in terms of
demographics compared to the full or excluded sample. Therefore, the sample size
of 354 used for the current study surpassed the required sample size for repeated
measure ANOVA over five occasions to achieve the power (1-β) of 0.95 to detect
a small effect size of 0.15 at a p-value ≤ 0.05.
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Table 2 Demographic characteristics of original sample and sub-sample of Gstudy
Demographic characteristics

Original sample (N)

G-study sample (n)

Age: Mean (SD)

1037
78.84 (4.84)

354
76.71 (4.12)

Male
Female
Education

465
572

137
217

Primary School
Incomplete High School
Completed High School
Incomplete Tertiary
Completed Tertiary
Incomplete High School + Certificate/Diploma
Complete High School + Certificate/Diploma
Depression GDS scores: Mean (SD)

26
411
142
35
311
57
55
2.27 (2.06)

9
131
45
17
112
21
19
1.86 (1.75)

Sex

GDS-15
Figure 3 shows GDS-15 mean scores and 95% confidence intervals (CI)
for all assessment Occasions. Repeated measures ANOVA revealed there was a
significant main effect of assessment occasion (F (353,1) = 23.98, p < 0.001),
indicating a significant increase in depression scores in the current sample over
time (ICC = 0.56 (95% CI [0.51, 0.60], over 5 Occasions). Repeated ANOVA
also revealed there was a statistically significant increase in the GDS-15 from
Occasion 1 (baseline) to all other Occasions (p < 0.001) except Occasion 2
(Bonferroni corrected). In the current sample, McDonald’s omega was 0.72 while
Cronbach's alpha coefficients across Occasions ranged from 0.73 to 0.79
indicating good internal consistency of the GDS-15 and are consistent with
previous reports (Gana et al., 2016; Marwijk et al., 1995). Although the mean
depression scores were below 4 in the current sample, indicating participants did
not meet the clinical threshold for moderate or severe depression, individual
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scores ranged from 0 to 14, and the percentage of participants with depressive
symptoms (scores > 4) varied from 8% to 12% across waves. Therefore, this
sample included a range of persons with whom the instrument would be useful.
Figure 3 GDS-15 mean scores and 95% Confidence Intervals (CI) across 5
occasions (n = 354).

G-Study
The results of G analyses are presented in Table 3. In the G-study, the
person (P) is a differentiation facet treated as independent. The interaction
between person and occasion (P × O) indicates an individual state or dynamic
changes at individual levels. In contrast, occasion (O) indicates the overall effect
of the occasion on all individuals (e.g., temporal increase or decrease of
depression scores). The GDS-15 scale demonstrated strong reliability of test
scores and generalizability of scores across occasions and sample populations
(Ga=0.82, Gr=0.90) in measuring enduring depression symptoms. This means that
true differences in depression levels across individuals accounted for 82% of the
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total variance, with merely 18% of the variance attributed to measurement error.
Just over half of the error variance (9.3%) was explained by dynamic symptoms
of depression and another half (8.7%) by occasion, which reflected a significant
increase in depression scores over time. The EduG analyses outputs for the total
GDS-15, including observation and estimation design, ANOVA and G-study
table, are presented in Appendix D1. Appendix D1 represents error variance out
of 100% by controlling for true person variance while the study tables present all
variance components including person true variance out of 100% for convenience
of a reader.
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Table 3 G-study estimates of the GDS-15 including variance components with
standard errors (SE), G absolute (Ga) and G relative (Gr) coefficients for the
Person (P) x Occasion (O) x Item (I) design.

Source of

Differentiation

Source of

Relative error

%

Absolute error

%

variance

variance

variance

variance

relative

variance

absolute

P

0.012
.....
.....
.....
.....
.....
.....

I
O
PI
PO
IO
PIO

.....
.....
.....
(0.000)
0.001
.....
(0.000)

.....
(0.000)
0.001
(0.000)
0.001
(0.000)
(0.000)

82.0
0.0
8.7
0.0
9.3
0.0
0.0

Sum of variances
Standard deviation

0.012
0.112

Gr
Ga

0.90 95% CI [0.83, 0.97]
0.82 95% CI [0.72, 0.92]

0.0
10.0
0.0

0.001
100%
Relative SE: 0.038

0.003
100%
Absolute SE: 0.053

Note: Grand mean for levels used: 0.154. Absolute error variance estimated as 100% and
computed after accounting for the true person variance, which is the object of measurement.
Numbers presented in parentheses signify variance components that are statistically negligible.

D-Study
D-study was designed to identify items that were sensitive to dynamic
changes. Table 4 represents variances by person (enduring or trait symptoms), P ×
O interactions (dynamic or state symptoms), and SCI values to determine which
GDS-15 items reflect dynamic symptoms. The SCI values ranged from 0.32 to
0.70, with a mean of 0.50, suggesting that enduring symptoms of depression
mainly explain the variance. Of the 15 items, only three items, "Have you dropped
many of your activities and interests" (Item 2), "Do you often feel helpless" (Item
8) and "Do you feel that your situation is hopeless" (Item 14) presented a high SCI
(≥ 0.60), reflecting sensitivity to dynamic changes. On the contrary, the other 12
items had SCIs below 0.60, indicating more enduring patterns of symptoms within
the benchmark.
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Additional analyses were conducted by removing items with the highest
SCI values to check if this would further increase G coefficients. The items with
the highest SCI were removed, one by one, and the G coefficients were analysed;
however, no noticeable increase was observed (Table 4). The current study also
examined if the most dynamic symptoms could be measured reliably if combined
into one subscale, including Items 2, 8, and 14. However, the resultant measure
failed to satisfy the relevant criteria of SCI ≥ 0.60. Removing each occasion one at
a time did not result in a noticeable change of G coefficients, suggesting that none
of the occasions affected our results and supported the measurement's robustness.
All the EduG analyses output of D-study for each of the GDS-15 items, including
observation and estimation designs, are included in Appendix D2-D16.
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Table 4 Variance components of Person (P), Occasion (O) and P x O interaction,
along with State Component Index (SCI) and G-coefficients for each item contents
in the GDS-15 scale (Sheikh & Yesavage, 1986).
No
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Item content
Life satisfaction
Interest in daily activities
Feeling that life is empty
Boredom
Good spirit
Expectation of negative events
Happiness
Helplessness
Reluctance to go out at night
Perceived memory problems
Appreciation to be alive
Worthlessness
Energy
Hopelessness
Perceived inferiority
Removing Item 2
Removing Items 2 and 14
Removing Items 2, 14 and 8
Combining Items 2, 14 and 8
Removing occasion 1
Removing occasion 2
Removing occasion 3
Removing occasion 4
Removing occasion 5

P
0.021
0.009
0.014
0.015
0.017
0.017
0.015
0.014
0.017
0.02
0.014
0.018
0.025
0.011
0.019
0.013
0.013
0.013
0.007
0.012
0.011
0.011
0.014
0.014
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O
0.001
0.012
0.01
0.001
0.012
0.011
0.001
0.012
0.011
0.001
0.012
0.01
0.001
0.012
0.009
0.001
0.001
0.001
0.012
0.002
0.002
0.002
0.001
0.002

PxO
0.012
0.021
0.017
0.012
0.019
0.015
0.013
0.021
0.016
0.012
0.02
0.016
0.012
0.021
0.016
0.001
0.001
0.001
0.004
0.002
0.002
0.002
0.002
0.002

SCI
0.36
0.70
0.55
0.44
0.53
0.47
0.46
0.60
0.48
0.38
0.59
0.47
0.32
0.66
0.46
0.07
0.07
0.07
0.36
0.14
0.15
0.15
0.13
0.13

Gr/a
0.63/0.61
0.31/0.22
0.46/0.35
0.54/0.52
0.47/0.36
0.54/0.39
0.52/0.50
0.39/0.29
0.53/0.39
0.63/0.61
0.41/0.30
0.52/0.41
0.67/0.65
0.35/0.26
0.55/0.44
0.90/0.82
0.89/0.82
0.88/0.81
0.42/0.25
0.86/0.77
0.85/0.73
0.87/0.77
0.90/0.83
0.88/0.79

Chapter 5 Discussion
Main Findings of G-study
This study aimed to investigate the temporal reliability of the GDS-15 and
its ability to distinguish between dynamic and enduring symptoms of depression
uniquely using G-theory analyses. To date, no other studies have used G-theory to
investigate depression in older adults measured by the GDS-15. Using a
longitudinal dataset of an adequate size collected over ten years, this study
demonstrated that the GDS-15 has strong reliability of test scores and
generalizability for assessment scores (Ga = 0.82, Gr = 0.90) across sample
population and occasions and measures predominantly enduring symptoms of
depression, which makes it a good tool for monitoring impacts of clinical
interventions. In addition, there were no other observable sources of measurement
error that may have impacted GDS-15 scores. Therefore, the results showed that
the GDS-15 is a reliable measure for enduring depression symptoms in the current
measurement design.
The present study's findings are consistent with several other large-scale
studies of depressive symptoms in older persons (Davey et al., 2004; Gana et al.,
2016) that are specific to the nature of their sample. Some of the first papers on Gtheory used binary outcome measures as item responses (1, 0) to demonstrate how
G-theory worked and demonstrated no impact of using such variables on the
accuracy of the results (Brennan, 2001). Binary variables should not be
understood as categorical in this case because 1 corresponds to the presence of
depressive symptoms and 0 corresponds to its absence for each GDS-15 item. As
a parametric approach, G-theory assumes normality of distribution (Cardinet et
al., 2010), meaning that it would be less appropriate for the clinically depressed
sample. The current sample was optimal for establishing reliability and
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generalisability of GDS-15 assessment scores across occasions and sample
populations.
Prior studies on the reliability of the GDS-15 utilised test-retest reliability
coefficients to evaluate its temporal reliability and reported correlation between
two tests at about 0.60, which suggests that GDS-15 predominantly measures
dynamic symptoms of depression. However, this score is misleading because it
does not account for variability of individual items, impacts of occasion and their
interactions. Therefore, the current study used G-theory to examine what aspects
of depression were measured by GDS-15 over multiple occasions by accounting
for different sources of measurement error, which permitted to establish true
reliability and generalisability of GDS scores.
The results of this study have shown that the GDS-15 predominantly
measures enduring depression symptoms, which is in line with those reported by
Gana et al. (2016), who examined the nature of depression (state vs trait) using the
GDS-15 – but using the latent trait-state modelling – in a sample of 753 older
adults in France across four occasions. They found that depression assessed by the
GDS-15 reflected enduring symptoms of depression in their sample. The same
methodology was applied to the Center for Epidemiologic Studies Depression
scale (CES-D) completed by older adults across four occasions and demonstrated
that enduring aspects (trait factor) explained two-thirds of the total variance
(Davey et al., 2004). However, latent trait-state modelling is not suitable to
examine the overall reliability and generalizability of assessment scores and
specific sources of measurement error, which is a unique feature of the G-theory
(Cardinet et al., 2010; Shavelson et al., 1989).
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By applying G-theory, the results aligned with the findings above and
revealed that 82% of the variance in the current sample was attributable to
enduring individual (trait) differences. In comparison, the remaining 18% of the
variance was equally split between dynamic changes in depression and the
increase of depression scores over time, both of which were statistically
significant. Unlike structural equation modelling methods, which do not account
for different sources of error variances associated with state-trait variability, this
G-study on GDS-15 examined various sources of measurement error such as the
items, persons, occasions, and their interactions, demonstrating its applicability
and usefulness in research and practice.
Although, the GDS-15 predominantly measures enduring depression
symptoms explaining 82% of variance in depression scores, 9.3% of variance was
attributed to dynamic (state) aspect of depression. This needs to be considered
when monitoring depression levels over time and/or using the GDS-15 for
diagnostic purposes. In addition, assessment occasion that also represents a time
factor in this study accounted for 8.7% of variance and reflects the group effect of
occasion that may contain an invariance error. Considering occasion effect is
important if measuring the outcomes because it represents the overall effect on all
participants, which may differ across samples and depend on assessment time and
place.
The number of studies that use G-theory to investigate enduring and
dynamic symptoms of depression is limited to date, which does not allow for
comparison between studies. To date, only Paterson et al. (2017) applied G-theory
to distinguish between dynamic and enduring symptoms of depression in children
aged 9 to 14 using the CDI-10 across three occasions and found acceptable
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generalizability (G = 0.79) of this measure, which is similar to the results of
present study. In contrast to these results, however, they found that the CDI-10
also measures dynamic aspects of depression in children, with 33% of variance
attributed to dynamic (state) aspect and only 66% enduring (trait) aspect of
depression) (Paterson et al., 2017). A possible explanation for the result may be
that significant dynamic variance (about one-third) could be attributed to rapid
developmental changes in children of this age.
Similarly, a recent study used G-theory to examine dynamic and enduring
symptoms in a clinical sample of adults with schizophrenia, assessed over five
occasions using the PANSS (Kay et al., 1987), found that this measure captured
enduring symptoms to a greater extent compared to dynamic symptoms
(Medvedev et al., 2020). They also found that depression emerged as an enduring
and stable trait variable. These findings are consistent with multiple clinical
observations showing depression is stable across different ages and co-morbidities
and depends more on its biological rather than volatile external factors. In
addition, present findings are consistent with other studies showing persistent
cognitive deficits, neuropsychological deficits in executive functioning, and other
stable factors such as personality and impaired ability to perform daily activities
impact depressive symptoms (Baune et al., 2018; Conradi et al., 2011). These
findings provide evidence for the benefits of applying G-theory for understanding
depressive symptoms, and more studies on various depression scales in adult
populations are necessary to better understand dynamic and enduring depression
symptoms.
The results indicated a significant increase in the GDS-15 depression
scores over time, consistent with other studies related to ageing, functional
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decline, and isolation, instead of the clinical construct of depression (Meeks et al.,
2011; Rinaldi et al., 2003). For example, studies have found mild depression or
dysthymia in older people two or three times more prevalent than major
depression (Meeks et al., 2011; Rinaldi et al., 2003). Moreover, almost 10% of
older adults with mild depression develop a major depressive episode every year.
Studies have found a curvilinear association between age and symptoms of
depression where depressive symptoms are at the lowest levels during mid-age
and increase later, with the symptoms beginning around sixty years of age
(Kessler et al., 1992; Lewinsohn et al., 1991). However, other affective conditions
such as anxiety have declined with age (Trollor et al., 2007). Future studies should
use G-theory to investigate the ageing population's dynamic and enduring aspects
of anxiety and other neuropsychiatric symptoms.
Findings of D-study
By evaluating variance components, the study identified three dynamic
symptoms of depression reflected by GDS items measuring the loss of interest in
activities (Item 2), hopelessness (Item 14), and helplessness (Item 8). However,
these items did not affect the overall strong reliability of the GDS-15 scores, and
their removal did not improve the reliability of test scores, suggesting that the
scale has an optimal measurement design that does not require modifications.
Therefore, the GDS-15 can be used to capture enduring and dynamic depression
in older adults, which may assist in targeted interventions and improved clinical
diagnoses over time. Additionally, the results suggest that if a psychological
intervention can result in significant changes in depression levels, as measured by
the GDS-15, such changes are likely to be enduring. This approach will prove
helpful in expanding our understanding of the trait and state aspect of depression
in the older population.
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Unlike CTT methods that cannot detect variability on specific items (that
represent depression symptoms), this study utilised G-theory and examined each
of the 15 items of the GDS-15 in terms of enduring and dynamic properties. An
SCI above 0.60 suggests that items in the scale are sensitive to state changes
(measuring dynamic components). Only three items were found to reflect
dynamic symptoms: "Have you dropped many of your activities and interests?"
(Item 2), "Do you often feel helpless?" (Item 8), and "Do you feel that your
situation is hopeless?" (Item 14). All items have true intraindividual variance and
showed some enduring components. For instance, although 60% of the variance in
helplessness reflected dynamic aspects, 40% of variance reflects its enduring
aspect. The SCI scores suggested that symptoms such as hopelessness,
helplessness, and lack of interest in activities are dynamic and changing over
time; however, these results need to be confirmed by future research studies. A
possible explanation for this could be based on the hopelessness theory of
depression, assuming that one may feel helpless and hopeless due to any current
adverse life events that potentially lead to depression if such feelings persist for a
long time. However, the results of this study suggest that in many cases,
helplessness, hopelessness, and lack of interest may be alleviated over time
because these feelings are based on current events and are unlikely to be longstanding. Therefore, any approach targeting an individual’s symptoms, such as
being hopeless, helpless, and lacking interest in activities, potentially increase the
effectiveness of a treatment.
All other items representing symptoms such as life satisfaction, boredom,
feeling empty, happiness, being afraid of adverse life events, social isolation,
being energetic, and self-esteem reflected enduring aspects of depression and
could be more related to ageing and increase with age. Similarly, Chiappelli et al.
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(2014) found that experiencing negative emotions and distressing thoughts were
stable features of depression. These findings are in line with theoretical
explanations of depressive symptoms and have significant implications for
understanding the theoretical explanations for the aetiology of depression. For
instance, these findings are consistent with the cognitive theory of depression,
which proposed the idea of stable and enduring schemas leading to depression
symptoms such as sadness, lack of motivation, and being afraid of adverse life
events and worthlessness. This combination of findings supports the conceptual
premise that understanding dynamic and enduring symptoms of depression would
be helpful to develop effective interventions and reduce misdiagnosis.
Implications of Study Findings
This study contributed to the existing knowledge about enduring and
dynamic symptoms of depression and applications of G-theory for examining the
reliability of assessment tools such as GDS-15. These findings will interest
researchers applying GDS-15 to assess depression symptoms in older adults. The
results of this study have confirmed that GDS-15 is a reliable tool in assessing
enduring depression symptoms in the older population, with only a minor
proportion of variance attributable to the measurement error. Furthermore, this is
the first study applying G-theory to the GDS-15 to distinguish between enduring
and dynamic symptoms of depression. The evidence from this study suggests that
GDS-15 can be useful for researchers and professionals to monitor risks of
depression accurately and determine if an intervention is likely to be long-lasting,
as the scale examines enduring aspects of depression.
D-study was conducted to test various assessment designs for optimising
the GDS-15 scale. It revealed that the GDS-15 attain the most reliable and
59

generalizable scores across populations and occasions in the current measurement
design without the need for modification. Even though D-study did not reduce the
measurement error of the design or improve the measurement, it has extended the
knowledge that no better scale can be derived from GDS-15, and it has an
optimum measurement.
Another important implication of the current study is identifying three
dynamic symptoms of depression, which did not impact on the overall reliability
of the scale. These symptoms are more amenable to change and should be the
focus of interventions aimed at reducing depression more efficiently. For instance,
interventions such as Mindfulness-Based Stress Reduction (MBSR) and Cognitive
Behaviour Therapy (CBT) can be utilized to focus on reducing these dynamic
depression symptoms on the first place (Hernandez & Overholser, 2021; Hofmann
et al., 2010).
MBSR is structured programmes utilising meditation and mindfulness
practices to acquire sustained present moment awareness and impede distressing
about the future, such as feeling hopeless and helpful and ruminating about the
past (Niazi & Niazi, 2011). Moreover, mindfulness will target dynamic symptoms
such as helplessness, hopelessness, and interest in activities. If practised properly,
it increases positive emotions while focusing on the present moment and moving
away from negative experiences of the past and negative expectations for the
future (Krägeloh et al., 2019). CBT focusing on decreasing dynamic depressive
symptoms such as helplessness, hopelessness, and lack of interest in activities will
be more efficient as they are more responsive to early interventions (Hernandez &
Overholser, 2021; McGinn, 2000). Furthermore, the present study raises the
possibility of reducing issues on the lack of accurate assessment of LLD.
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Limitations
The present study is not without limitations. For example, analyses only
included 354 participants who completed the scale at all five assessment
occasions, approximately 30% of the total sample at baseline (n = 1037), which
may have led to selection bias. The sample was also unrepresentative of the
general older adult population as most of the sample consisted of White
Europeans (around 98%), and only 39% of the sample were male. This sample is
also affluent because the suburbs where the participants were recruited had
relatively high education levels, and women worked more than other similar-aged
cohorts. Therefore, our findings may have limited generalizability to older adults
of other ethnic groups and cultures (Gana et al., 2016), and further studies with
more diverse samples are warranted.
Another limitation of the present study is the possibility that the results
may be biased because participants with more severe cognitive impairment might
have been unable to complete the GDS or limited by lack of insight as the disease
progressed. Consistent with previous findings on the prevalence of depression in
the community-dwelling older adult populations, the mean depressions scores
were low (i.e., < 4) and did not meet the criteria for high/severe levels of
depression. As a result, the sample and analyses may not represent the general
older Australian population that includes clinical population. Further studies that
include participants with clinically significant depressive symptoms are required
to explore enduring and dynamic symptoms of depression in clinical populations.
A potential limitation of this study is that measurement invariance was not
investigated across assessments using alternative statistical methods. However,
the G-study results demonstrated that item effect was effectively zero and the
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effect of occasion, which implicitly includes fluctuations due potential changes in
item loadings or thresholds across assessments, was merely 8.7% of the total
variance and had no impact on the overall strong temporal reliability and
generalisability of GDS-15 scores.
Directions for Further Research
G-theory can potentially be used to quantify an individual's amount of trait
and state depression. However, this will require collecting a large sample of
individual assessments over time, similar to a single-subject design to have a
sufficiently large sample size of responses to ensure the reliability of scores. For
example, weekly assessments over a year will produce a minimum required
sample size of about 50 responses per item to ensure the generalizability of
results. Nevertheless, this may open a new research avenue to apply G-theory at
the individual level. Moreover, further studies that include participants with
clinically significant depressive symptoms are required to explore enduring and
dynamic symptoms of depression in clinical populations. The current study
explored symptoms over a long time with 2-4 years intervals, and future research
should focus on applying the same method using shorter intervals between
assessments such as weeks or months. This will help investigate what symptoms
show more variability across shorter and longer intervals.
Conclusion
Overall, the findings of this study suggest that the GDS-15 is a reliable
scale for measuring enduring symptoms of depression and can be used to evaluate
the treatment outcomes. The generalizability coefficients of the current G study
were above 0.80, reflecting the high generalizability of test scores across the
sample population and occasions. In addition, by analysing SCI values and
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variance components, it has been found that the GDS-15 mainly measures
enduring symptoms of depression, and only three items- helplessness,
hopelessness, and lack of interest in activities reflected dynamic symptoms.
Identification of dynamic symptoms is beneficial as they are responsive to change,
and interventions can target reducing symptoms of helplessness, hopelessness,
and lack of interest in activities. Therefore, GDS-15 can be utilized as an
appropriate tool to measure depression in the older population.
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Appendix C
Geriatric Depression Scale: Short Form
TARGET POPULATION: The GDS may be used with healthy, medically ill and
mild to moderately cognitively impaired older adults. It has been extensively used
in community, acute and long-term care settings.
VALIDITY AND RELIABILITY: The GDS was found to have a 92% sensitivity
and a 89% specificity when evaluated against diagnostic criteria. The validity and
reliability of the tool have been supported through both clinical practice and
research. In a validation study comparing the Long and Short Forms of the GDS
for self-rating of symptoms of depression, both were successful in differentiating
depressed from non-depressed adults with a high correlation (r = .84, p < .001)
(Sheikh & Yesavage, 1986).
Geriatric Depression Scale: Short Form
Choose the best answer for how you have felt over the past week:
1. Are you basically satisfied with your life? YES / NO
2. Have you dropped many of your activities and interests? YES / NO
3. Do you feel that your life is empty? YES / NO
4. Do you often get bored? YES / NO
5. Are you in good spirits most of the time? YES / NO
6. Are you afraid that something bad is going to happen to you? YES / NO
7. Do you feel happy most of the time? YES / NO
8. Do you often feel helpless? YES / NO
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9. Do you prefer to stay at home at night, rather than going out and doing new
things? YES / NO
10. Do you feel you have more problems with memory than most? YES / NO
11. Do you think it is wonderful to be alive now? YES / NO
12. Do you feel pretty worthless the way you are now? YES / NO
13. Do you feel full of energy? YES / NO
14. Do you feel that your situation is hopeless? YES / NO
15. Do you think that most people are better off than you are? YES / NO
Scoring:
Answers in bold indicate depression. Score 1 point for each bolded answer.
A score > 5 points is suggestive of depression.
A score ≥ 10 points is almost always indicative of depression.
A score > 5 points should warrant a follow-up comprehensive assessment.
References:
Sheikh, J. I., & Yesavage, J. A. (1986). Geriatric Depression Scale (GDS): Recent
evidence and development of a shorter version. Clinical Gerontologist:
The Journal of Aging and Mental Health, 5(1-2), 165–173.
https://doi.org/10.1300/J018v05n01_09
Sachdev, P. S., Brodaty, H., Reppermund, S., Kochan, N. A., Trollor, J. N.,
Draper, B., Slavin, M. J., Crawford, J., Kang, K., Broe, G. A., Mather, K.
A., Lux, O., & Memory and Ageing Study Team. (2010). The Sydney
Memory and Ageing Study (MAS): Methodology and baseline medical
and neuropsychiatric characteristics of an elderly epidemiological nondemented cohort of Australians aged 70-90 years. International
Psychogeriatrics, 22(8), 1248–
1264. https://doi.org/10.1017/S1041610210001067
http://www.stanford.edu/~yesavage/GDS.html
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Appendix D1

EduG analyses output for the total GDS-15, including observation and
estimation design, ANOVA and G-study table
Observation and Estimation Designs
Facet

Label

Person
Item
Occasion

Levels

Univ.

354
15
5

INF
15
INF

P
I
O

Reduction (levels to exclude)

Analysis of variance
Components
Source

SS

df

MS
1.041
4.050
36.078
0.100
0.108
12.129
0.079

P
I
O
PI
PO
IO
PIO

367.345
56.702
144.311
496.152
152.542
679.202
1567.145

353
14
4
4942
1412
56
19768

Total

3463.398

26549

Random
0.012
-0.005
0.005
0.004
0.002
0.034
0.079

Mixed
0.012
-0.005
0.007
0.004
0.007
0.034
0.079

Corrected
0.012
-0.004
0.007
0.004
0.007
0.034
0.079

%

SE

8.6
0.0
4.7
2.9
5.0
23.6
55.1

0.001
0.002
0.004
0.000
0.000
0.006
0.001

100%

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Differentiation
variance
0.012
.....
.....
.....
.....
.....
.....

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Source

Relative

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
(0.000)
0.001
.....
(0.000)

0.0

.....
(0.000)
0.001
(0.000)
0.001
(0.000)
(0.000)

0.0
48.5
0.0
51.5
0.0
0.0

100%

0.003

100%

0.012

0.001

0.112

Absolute

0.0
100.0

Relative SE: 0.038

0.90
0.82

Grand mean for levels used: 0.154
Variance error of the mean for levels used: 0.001
Standard error of the grand mean: 0.037
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Absolute SE: 0.053

Appendix D2

EduG analyses output for Item 1 of the GDS-15, including observation and
estimation design and G-study table
Observation and Estimation Designs

Facet

Label

Person
Item
Occasion

P
I
O

Levels

Univ.

354
15
5

INF
15
INF

Reduction (levels to exclude)
2 3 4 5 6 7 8 9 10 11 12 13 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.021
.....
.....
.....
.....
.....
.....

Source

Relative

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.012
.....
.....

0.021

0.012

0.145

Absolute

100.0

100%

Relative SE: 0.111

0.63
0.61

Grand mean for levels used: 0.097
Variance error of the mean for levels used: 0.001
Standard error of the grand mean: 0.036
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.....
.....
0.001
.....
0.012
.....
.....
0.014

8.7
91.3

100%

Absolute SE: 0.117

Appendix D3

EduG analyses output for Item 2 of the GDS-15, including observation and
estimation design and G-study table

Observation and Estimation Designs
Facet

Label

Person
Item
Occasion

P
I
O

Levels

Univ.

354
15
5

INF
15
INF

Reduction (levels to exclude)
1 3 4 5 6 7 8 9 10 11 12 13 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.009
.....
.....
.....
.....
.....
.....

Source

Relative

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.021
.....
.....

0.009

0.021

0.096

Absolute

100.0

100%

Relative SE: 0.145

0.31
0.22

Grand mean for levels used: 0.203
Variance error of the mean for levels used: 0.012
Standard error of the grand mean: 0.110
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.....
.....
0.012
.....
0.021
.....
.....
0.033

36.7
63.3

100%

Absolute SE: 0.182

Appendix D4

EduG analyses output for Item 3 of the GDS-15, including observation and
estimation design and G-study table

Facet

Label

Person
Item
Occasion

P
I
O

Levels

Univ.

354
15
5

INF
15
INF

Reduction (levels to exclude)
1 2 4 5 6 7 8 9 10 11 12 13 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.014
.....
.....
.....
.....
.....
.....

Source

Relative

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.017
.....
.....

0.014

0.017

0.119

Absolute

100.0

100%

Relative SE: 0.129

0.46
0.35

Grand mean for levels used: 0.163
Variance error of the mean for levels used: 0.010
Standard error of the grand mean: 0.098
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.....
.....
0.010
.....
0.017
.....
.....
0.026

36.3
63.7

100%

Absolute SE: 0.162

Appendix D5

EduG analyses output for Item 4 of the GDS-15, including observation and
estimation design and G-study table
Observation and Estimation Designs
Facet

Label

Levels

Univ.

Reduction (levels to exclude)

Person
Item
Occasion

P
I
O

354
15
5

INF
15
INF

1 2 3 5 6 7 8 9 10 11 12 13 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.015
.....
.....
.....
.....
.....
.....

Source

Relative

Absolute

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.012
.....
.....

0.015

0.012

0.121

100.0

100%

Relative SE: 0.111

0.54
0.52

Grand mean for levels used: 0.088
Variance error of the mean for levels used: 0.001
Standard error of the grand mean: 0.034

96

.....
.....
0.001
.....
0.012
.....
.....
0.013

7.9
92.1

100%

Absolute SE: 0.115
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EduG analyses output for Item 5 of the GDS-15, including observation and
estimation design and G-study table
Observation and Estimation Designs
Facet

Label

Levels

Univ.

Reduction (levels to exclude)

Person
Item
Occasion

P
I
O

354
15
5

INF
15
INF

1 2 3 4 6 7 8 9 10 11 12 13 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.017
.....
.....
.....
.....
.....
.....

Source

Relative

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.019
.....
.....

0.017

0.019

0.131

Absolute

100.0

100%

Relative SE: 0.139

0.47
0.36

Grand mean for levels used: 0.203
Variance error of the mean for levels used: 0.012
Standard error of the grand mean: 0.110
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.....
.....
0.012
.....
0.019
.....
.....
0.031

38.0
62.0

100%

Absolute SE: 0.177

Appendix D7

EduG analyses output for Item 6 of the GDS-15, including observation and
estimation design and G-study table
Observation and Estimation Designs
Facet

Label

Levels

Univ.

Reduction (levels to exclude)

Person
Item
Occasion

P
I
O

354
15
5

INF
15
INF

1 2 3 4 5 7 8 9 10 11 12 13 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.017
.....
.....
.....
.....
.....
.....

Source

Relative

Absolute

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.015
.....
.....

0.017

0.015

0.131

100.0

100%

Relative SE: 0.122

0.54
0.39

Grand mean for levels used: 0.164
Variance error of the mean for levels used: 0.011
Standard error of the grand mean: 0.107

98

.....
.....
0.011
.....
0.015
.....
.....
0.026

43.4
56.6

100%

Absolute SE: 0.162
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EduG analyses output for Item 7 of the GDS-15, including observation and
estimation design and G-study table
Observation and Estimation Designs
Facet

Label

Levels

Univ.

Reduction (levels to exclude)

Person
Item
Occasion

P
I
O

354
15
5

INF
15
INF

1 2 3 4 5 6 8 9 10 11 12 13 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.015
.....
.....
.....
.....
.....
.....

Source

Relative

Absolute

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.013
.....
.....

0.015

0.013

0.121

100.0

100%

Relative SE: 0.116

0.52
0.50

Grand mean for levels used: 0.095
Variance error of the mean for levels used: 0.001
Standard error of the grand mean: 0.033

99

.....
.....
0.001
.....
0.013
.....
.....
0.014

7.0
93.0

100%

Absolute SE: 0.120

Appendix D9

EduG analyses output for Item 8 of the GDS-15, including observation and
estimation design and G-study table
Observation and Estimation Designs
Facet

Label

Levels

Univ.

Reduction (levels to exclude)

Person
Item
Occasion

P
I
O

354
15
5

INF
15
INF

1 2 3 4 5 6 7 9 10 11 12 13 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.014
.....
.....
.....
.....
.....
.....

Source

Relative

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.021
.....
.....

0.014

0.021

0.116

Absolute

100.0

100%

Relative SE: 0.145

0.39
0.29

Grand mean for levels used: 0.213
Variance error of the mean for levels used: 0.012
Standard error of the grand mean: 0.111

100

.....
.....
0.012
.....
0.021
.....
.....
0.033

36.6
63.4

100%

Absolute SE: 0.182

Appendix D10

EduG analyses output for Item 9 of the GDS-15, including observation and
estimation design and G-study table
Observation and Estimation Designs
Facet

Label

Levels

Univ.

Reduction (levels to exclude)

Person
Item
Occasion

P
I
O

354
15
5

INF
15
INF

1 2 3 4 5 6 7 8 10 11 12 13 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.017
.....
.....
.....
.....
.....
.....

Source

Relative

Absolute

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.016
.....
.....

0.017

0.016

0.132

100.0

100%

Relative SE: 0.125

0.53
0.39

Grand mean for levels used: 0.168
Variance error of the mean for levels used: 0.011
Standard error of the grand mean: 0.106
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.....
.....
0.011
.....
0.016
.....
.....
0.027

41.9
58.1

100%

Absolute SE: 0.164
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EduG analyses output for Item 10 of the GDS-15, including observation and
estimation design and G-study table
Observation and Estimation Designs
Facet

Label

Levels

Univ.

Reduction (levels to exclude)

Person
Item
Occasion

P
I
O

354
15
5

INF
15
INF

1 2 3 4 5 6 7 8 9 11 12 13 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.020
.....
.....
.....
.....
.....
.....

Source

Relative

Absolute

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.012
.....
.....

0.020

0.012

0.140

100.0

100%

Relative SE: 0.108

0.63
0.61

Grand mean for levels used: 0.090
Variance error of the mean for levels used: 0.001
Standard error of the grand mean: 0.033

102

.....
.....
0.001
.....
0.012
.....
.....
0.013

8.2
91.8

100%

Absolute SE: 0.112

Appendix D12

EduG analyses output for Item 11 of the GDS-15, including observation and
estimation design and G-study table
Observation and Estimation Designs
Facet

Label

Levels

Univ.

Reduction (levels to exclude)

Person
Item
Occasion

P
I
O

354
15
5

INF
15
INF

1 2 3 4 5 6 7 8 9 10 12 13 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.014
.....
.....
.....
.....
.....
.....

Source

Relative

Absolute

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.020
.....
.....

0.014

0.020

0.118

100.0

100%

Relative SE: 0.141

0.41
0.30

Grand mean for levels used: 0.203
Variance error of the mean for levels used: 0.012
Standard error of the grand mean: 0.110

103

.....
.....
0.012
.....
0.020
.....
.....
0.032

37.6
62.4

100%

Absolute SE: 0.179
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EduG analyses output for Item 12 of the GDS-15, including observation and
estimation design and G-study table
Observation and Estimation Designs
Facet

Label

Levels

Univ.

Reduction (levels to exclude)

Person
Item
Occasion

P
I
O

354
15
5

INF
15
INF

1 2 3 4 5 6 7 8 9 10 11 13 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.018
.....
.....
.....
.....
.....
.....

Source

Relative

Absolute

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.016
.....
.....

0.018

0.016

0.133

100.0

100%

Relative SE: 0.128

0.52
0.41

Grand mean for levels used: 0.165
Variance error of the mean for levels used: 0.010
Standard error of the grand mean: 0.099

104

.....
.....
0.010
.....
0.016
.....
.....
0.026

37.1
62.9

100%

Absolute SE: 0.161

Appendix D14

EduG analyses output for Item 13 of the GDS-15, including observation and
estimation design and G-study table
Observation and Estimation Designs
Facet

Label

Levels

Univ.

Reduction (levels to exclude)

Person
Item
Occasion

P
I
O

354
15
5

INF
15
INF

1 2 3 4 5 6 7 8 9 10 11 12 14 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.025
.....
.....
.....
.....
.....
.....

Source

Relative

Absolute

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.012
.....
.....

0.025

0.012

0.157

100.0

100%

Relative SE: 0.110

0.67
0.65

Grand mean for levels used: 0.099
Variance error of the mean for levels used: 0.001
Standard error of the grand mean: 0.034
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.....
.....
0.001
.....
0.012
.....
.....
0.013

7.8
92.2

100%

Absolute SE: 0.115

Appendix D15

EduG analyses output for Item 14 of the GDS-15, including observation and
estimation design and G-study table

Observation and Estimation Designs
Facet

Label

Levels

Univ.

Reduction (levels to exclude)

Person
Item
Occasion

P
I
O

354
15
5

INF
15
INF

1 2 3 4 5 6 7 8 9 10 11 12 13 15

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.011
.....
.....
.....
.....
.....
.....

Source

Relative

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.021
.....
.....

0.011

0.021

0.107

Absolute

100.0

100%

Relative SE: 0.145

0.35
0.26

Grand mean for levels used: 0.205
Variance error of the mean for levels used: 0.012
Standard error of the grand mean: 0.108
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.....
.....
0.012
.....
0.021
.....
.....
0.033

35.8
64.2

100%

Absolute SE: 0.181

Appendix D16

EduG analyses output for Item 15 of the GDS-15, including observation and
estimation design and G-study table
Observation and Estimation Designs
Facet

Label

Levels

Univ.

Reduction (levels to exclude)

Person
Item
Occasion

P
I
O

354
15
5

INF
15
INF

1 2 3 4 5 6 7 8 9 10 11 12 13 14

G Study Table
(Measurement design P/IO)
Source
of
variance
P

Sum of
variances
Standard
deviation
Coef_G relative
Coef_G absolute

Differentiation
variance
0.019
.....
.....
.....
.....
.....
.....

Source

Relative

Absolute

of

error

%

error

%

variance

variance

relative

variance

absolute

I
O
PI
PO
IO
PIO

.....
.....
.....
.....
0.016
.....
.....

0.019

0.016

0.139

100.0

100%

Relative SE: 0.126

0.55
0.44

Grand mean for levels used: 0.158
Variance error of the mean for levels used: 0.009
Standard error of the grand mean: 0.093
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.....
.....
0.009
.....
0.016
.....
.....
0.024

35.2
64.8

100%

Absolute SE: 0.156

Appendix E
Supplementary table S1. G-Theory model estimates’ calculation including
component variances, formula for the design of person by item by occasion,
express as P x I x O.
Indices

Characteristic (Formula)
observed score of a person on a particular item across occasions

𝑋=
grand mean of X
𝜇
person effect (μp – μ)
+Xp
item effect (μi – μ)
+Xi
occasion effect (μo – μ)
+Xo
person x item effect (μpi – μp – μi + μ)
+Xpi
person x occasion effect (μpo – μp – μo + μ)
+Xpo
item x occasion effect (μio – μi – μo + μ)
+Xio
residual/person x item x occasion effect (μpio – μpi – μpo - μio + μp + μi + μo - μ)
+Xpio
σ2p

person variance component (MSp – MSpi – MSpo + MSpio)∕nino

σ2i

item variance component (MSi−MSpi−MSio+MSpio)∕npno

σ2o

occasion variance component (MSo – MSio – MSpo + MSpio)∕nino

σ2pi

person x item variance component(MSpi−MSpio)∕no

σ2po

person x occasion variance component (MSpo−MSpio)∕ni
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σ2io

item x occasion variance component (MSio−MSpio)∕np

σ2pio

residual/ person x item x occasion variance component: (MSpio)

𝜎𝛿2

relative error variance (

σ2Δ

absolute error variance (𝑛0 + 𝑛𝑖 +

Gr

2
𝜎𝑝𝑖

𝑛𝑖

2
𝜎𝑝𝑜

+

𝑛𝑜

𝜎2

𝜎2

𝑜

𝑖

𝜎2

+ 𝑛𝑝𝑖𝑜
)
𝑛
𝑖 𝑜

2
𝜎𝑝𝑖

𝑛𝑖

+

2
𝜎𝑝𝑜

𝑛𝑜

𝜎2

𝜎2

+ 𝑛 𝑖𝑜
+ 𝑛𝑝𝑖𝑜
)
𝑛
𝑛
𝑖 𝑜

𝑖 𝑜

𝜎𝑝2

relative G-coefficient (𝜎2 + 𝜎2)
𝑝

𝛿

𝜎𝑝2

Ga

absolute G-coefficient (𝜎2 + 𝜎2)

SCI

state component index (𝜎2

TCI

trait component index (𝜎2

𝑝

𝛥

2
𝜎𝑝𝑜

2
𝑝𝑜 + 𝜎𝑝

𝜎𝑝2

2
𝑝𝑜 + 𝜎𝑝

)

)

Note: MS stands for the mean of effect square; ni: number of items; no: number of
occasions; np: number of persons/participants
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