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A generalisability theory approach to quantifying changes
in psychopathology among ultra-high-risk individuals for
psychosis
Zohreh Doborjeh 1,2✉, Oleg N. Medvedev3, Maryam Doborjeh1, Balkaran Singh1, Alexander Sumich 4,5, Sugam Budhraja1,
Wilson Wen Bin Goh6,7,8,9,10✉, Jimmy Lee 6,11, Margaret Williams 12, Edmund M-K Lai 1,13 and Nikola Kasabov 1,13,14

Distinguishing stable and fluctuating psychopathological features in young individuals at Ultra High Risk (UHR) for psychosis is
challenging, but critical for building robust, accurate, early clinical detection and prevention capabilities. Over a 24-month period,
159 UHR individuals were assessed using the Positive and Negative Symptom Scale (PANSS). Generalisability Theory was used to
validate the PANSS with this population and to investigate stable and fluctuating features, by estimating the reliability and
generalisability of three factor (Positive, Negative, and General) and five factor (Positive, Negative, Cognitive, Depression, and
Hostility) symptom models. Acceptable reliability and generalisability of scores across occasions and sample population were
demonstrated by the total PANSS scale (Gr = 0.85). Fluctuating symptoms (delusions, hallucinatory behaviour, lack of spontaneity,
flow in conversation, emotional withdrawal, and somatic concern) showed high variability over time, with 50–68% of the variance
explained by individual transient states. In contrast, more stable symptoms included excitement, poor rapport, anxiety, guilt feeling,
uncooperativeness, and poor impulse control. The 3-factor model of PANSS and its subscales showed robust reliability and
generalisability of their assessment scores across the UHR population and evaluation periods (G = 0.77–0.93), offering a suitable
means to assess psychosis risk. Certain subscales within the 5-factor PANSS model showed comparatively lower reliability and
generalisability (G= 0.33–0.66). The identified and investigated fluctuating symptoms in UHR individuals are more amendable by
means of intervention, which could have significant implications for preventing and addressing psychosis. Prioritising the treatment
of fluctuating symptoms could enhance intervention efficacy, offering a sharper focus in clinical trials. At the same time, using more
reliable total scale and 3 subscales can contribute to more accurate assessment of enduring psychosis patterns in clinical and
experimental settings.
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INTRODUCTION
Psychosis is a complex condition characterised by a disconnection
from reality, with symptoms that can differ in their stability and
how they respond to environmental factors1–3. Differentiating
stable (trait-like) and fluctuating (state-related) illness features can
be challenging due to the complex interplay of clinical, environ-
mental, and biopsychosocial mechanisms4. A well-established
literature indicates that positive symptoms, such as delusions and
hallucinations, vary more compared to negative symptoms, such
as affective blunting and social withdrawal, which tend to be
enduring5,6. This underpins a prevalent clinical perception that
negative symptoms are intractable. Stable symptoms, such as
emotional withdrawal, poverty of speech, and blunted affect, have
been reported to show less improvement with standard
therapeutic approaches4,7 compared to more fluctuating symp-
toms such as hallucinations or delusions8,9. Accordingly, fluctuat-
ing symptoms may be more sensitive to situational stressors or
contextual changes10. Recent meta-analyses support the potential

for improvement in negative symptoms across diverse treat-
ments5, and have re-opened the debate as to which symptoms
are amenable to change.

Stable and fluctuating psychopathological symptoms
across UHR
Understanding symptom progression in youth individuals who are
Ultra High Risk (UHR) of developing psychosis11 is essential for
devising prompt, precise, and effective diagnostic and manage-
ment strategies that might avert the onset of illness. UHR
individuals are characterised by subthreshold symptoms and/or
genetic risk factors that place them at a heightened likelihood of
transitioning to full psychosis11. Early identification of UHR
individuals allows for timely interventions aimed at altering the
disease trajectory and improving outcomes12. Therefore, the
distinction between stable and fluctuating symptoms in this
population is important. Fluctuating symptoms, characterised by
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their variability and sensitivity to situational factors over time, can
provide early indicators of impending psychosis onset, enabling
proactive intervention strategies. In contrast, stable symptoms,
despite being less responsive to standard treatments, reflect
psychosis risk associated with the enduring clinical challenges in
managing UHR individuals13.
Although prior studies have indicated that negative symptoms

may have greater stability and resistance to therapy compared to
positive symptoms14, recent analysis using Generalisability Theory
(G-theory) provides a more nuanced picture. Medvedev et al.
(2020) found that certain symptoms such as lack of attention,
blunted affect, poor rapport, and delusions were among the most
stable. However, they also identified fluctuating symptoms across
positive, negative, and general domains. This underscores the
importance of examining stability at the individual symptom level
rather than broad symptom categories.
So far, stable versus fluctuating clinical and cognitive features

have been identified using G-theory in relation to schizophrenia15,
mood disorders16, therapy response (e.g. mindfulness)17 and
ageing18. G-theory is a specialised method for determining the
evaluation scores’ generalisability and overall reliability15. This
approach allows for more precise measurement of symptom
stability and change compared to traditional methods of Classical
Test Theory (CTT).

G-Theory for reliability and generalisability of the
assessment in UHR
While previous studies have examined symptom stability in UHR
populations using traditional methods, the application of G-theory
to this context represents a novel and potentially more
informative approach15,19,20. G-theory offers several advantages
over classical test theory in analysing symptom fluctuations.
Firstly, it allows for the simultaneous evaluation of multiple
sources of variance, including person-level traits, time-dependent
fluctuations, and measurement error15. This is particularly relevant
for UHR populations, where symptoms may be more labile and
influenced by various factors. Secondly, G-theory can distinguish
between group-level trends and individual-level variability,
providing a better understanding of symptom dynamics. Thirdly,
it provides a framework for calculating change score reliability,
which is necessary to accurately monitor the progression or
improvement of symptoms over time. The application and use of
G-theory to UHR samples addresses a significant limitation in the
current psychiatric research.
Therefore, the current study applied G-theory to understand

symptom fluctuation in individuals at UHR for psychosis.

The 3 and 5 factor models of PANSS for UHR Individuals
The Positive and Negative Syndrome Scale (PANSS) is a well-
studied measure in measuring schizophrenia symptoms studies21.
PANSS contains of 30 items that are classified into three groups of
psychopathologies including positive, negative, and general
domain. Other factor structures were developed, including 5, 6,
and 7 factor models, following later factor analytic research.
Among these, the 5-factor model has gained particular

prominence. The 5-factor model includes the symptom domains
of Positive; Negative; Cognitive; Depression; and Hostility. It is
frequently utilised in studies exploring treatment response22,
psychotic disorders23, and social cognition24. Several studies
propose that PANSS is better represented with a 5–7 (rather than
3 subscales) factor model25,26. For example, Lim et al. proposed a
5-factor model comprising i) Positive (5 items), ii) Negative (7
items), iii) Cognitive and disorganisation (7 items), iv) Depression
and anxiety (5 items) and v) Excitement and hostility (6 items)
factors that showed good symptoms indication in participants
with schizophrenia27.

Many research on schizophrenia have developed models with a
5-factor structure28; however, as the items loaded in each domain
vary throughout sample populations, there is still no general
agreement on what should be included in each domain26.
While generally this model is considered as reliable and valid, its

test-retest reliability and internal consistency present challenges,
especially in clinical studies when sensitivity to real symptom
alterations is required21,29. Reporting practices in the context of
the PANSS sometimes fail to capture the unique and subtle
variations in symptoms experienced by individuals30–32. Therefore,
to establish the true reliability of the PANSS, it is important to
differentiate between stable and fluctuating symptomatology,
achievable through repeated measurements19.
Current reporting practices using the PANSS often rely on

subscale or total scores, which may not fully capture the unique
and subtle variations in symptoms experienced by individuals33.
For instance, Medvedev et al. (2020) demonstrated that while
some symptoms (e.g., poor attention, blunted affect) remain
relatively stable, while others (e.g., grandiosity, somatic concerns)
can be quite fluctuating. However, these subtleties are often
obscured when only reporting composite scores15.
Additionally, the PANSS was originally developed for use with

individuals diagnosed with schizophrenia, and its applicability to
UHR populations has been questioned34. Some symptoms that are
particularly relevant to the UHR state, such as basic symptoms or
subtle cognitive changes, may not be adequately captured by the
PANSS35. By applying G-Theory to PANSS data, we aimed to
validate the scale with this population, and provide a more
detailed analysis of symptom stability and variability at the
individual item level, potentially revealing patterns that are not
apparent when using traditional scoring and reporting methods.
Addressing these limitations is essential for developing precise
and effective intervention strategies for those at the highest risk of
psychosis. In addition, the current research compared the
reliability and generalisability of the 3-factor and 5-factor PANSS
models in assessing these features in UHR individuals.
Our objective was to enhance understanding and aid in the

development of fluctuating subscales that may augment sensitiv-
ity in detecting group variations in cutting-edge treatment studies
aimed at delaying or preventing the onset of illness. We
hypothesised that fluctuating symptoms would demonstrate
more variability over a two-year period than stable symptoms.
Also, the 3-factor model of the PANSS would demonstrate higher
reliability and generalisability compared to the 5-factor model in
assessing symptomatology among UHR individuals.

METHOD AND PROCEDURE
Participants and demographics
The Longitudinal Youth-at-Risk Study (LYRIKS) comprised 173
young individuals at UHR with the Mean age of 21.3 years and
Standard Deviation of 3.5; and n= 384 healthy control individuals
with the Mean age of 21.7 years and Standard Deviation of 3.4.
The research was a prospective observational investigation of
youths at risk for psychosis36. The participants’ ages ranged from
14 to 29 years old.

Current inclusion criteria. The study only included participants
whose data were gathered for all variables over a period of two
years. For psychosis, a cohort of 159 individuals was chosen from
the UHR population.
This cohort comprised 105 male and 54 female individuals,

ethnically diverse with 113 Chinese, 24 Malay, 16 Indian, and 5
participants of other ethnic backgrounds. In terms of educational
background, the sample included individuals from various levels:
46 had completed secondary education, 37 had attended a
polytechnic institution, 26 had primary education, 17 had been
enroled in a vocational institute, 13 had undertaken pre-university
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studies, 10 were university-educated, 8 had diverse educational
backgrounds, and 1 individual had no formal education.
The Comprehensive Assessment of At-Risk Mental States

(CAARMS) was used to assess for risk at five distinct intervals
during a two-year period. The data from the PANSS were
measured every 6 months and denoted as Baseline (T0),
6-months (T1), 12-months (T2), 18-months (T3), and 24-months
(T4) to provide a comprehensive understanding of their mental
state and progression over time.

Measures and assessments selection
The PANSS comprises of 30 questions that are categorised into
three symptom domains: positive (7 items, e.g. delusions,
conceptual disorganisation, hallucinations, excitement, grandios-
ity, and hostility), negative (7 items, e.g. blunted affect, poor
rapport, emotional withdrawal, lack of spontaneity and flow in
conversation), and general (16 items, e.g. depression, anxiety, and
lack of attention). Each item is rated based on a seven-point scale
ranging from 1 as absent to 7 as severe. In the current study, we
also utilised the proposed 5-factor model from Lim et al.27.
While the CAARMS was designed specifically for UHR popula-

tions and provides a sensitive measure of subthreshold psychotic
symptoms, we chose to use and validate the PANSS in our study
for several reasons. First, the PANSS offers a broader range of
symptom measures, including general psychopathology items,
which allows for a more comprehensive analysis of symptom
stability across various domains. This is particularly valuable for
our G-theory approach, which benefits from a wider range of
items to analyse sources of variance.
Second, the common use of the PANSS in psychosis research

and its earlier examination using G-theory facilitates comparisons
with other studies and populations, potentially allowing us to
track symptom trajectories from the UHR state through to
potential transition to full psychosis. This continuity in measure-
ment could provide valuable insights into the evolution of
symptoms over time.
Third, while the PANSS was developed for individuals with

diagnosed psychotic disorders, recent research has suggested that
it may still be sensitive to subthreshold symptoms in UHR
populations. For example, Fulford et al. (2014) found that the
PANSS demonstrated good reliability and validity in clinical high-
risk samples, albeit with some limitations34.

Data analyses
Comparing the reliability and generalisability of the 3 and 5 factor
models of the PANSS using G-theory. In the current study, all

generalisability analyses were performed using the EduG 6.1-e
software, in accordance with the procedures outlined in Cardinet
et al.37.
G -theory includes two studies: D (decision) and G (generalisa-

bility). D-Studies design the measurement process optimally,
whereas G-Studies estimates the variance components and the
sources of measurement error. In both studies, the variables are
person (P), item (I), and occasion (O); and the random effects
model is described as P × O × I. The (I) is fixed, and (P) and (O) are
treated as infinite facets.
The (P) is considered as the primary object of measurement

rather than a potential source of error, whereas the (I) and (O) are
considered as instrumentation facets (Fig. 1). The error variance
caused by the interaction between (P) and (O) reflects individual
fluctuations over time17. Brennan’s equations are used to calculate
the variance components for each facet and their interactions38.
Whimbey’s correction is applied to adjust variance estimates37

using the formula ((N(f)−1)/N(f)), where N(f) is representing the
population size of the f facet.
Then, using generalisability analysis, the relative and absolute

error variances as well as G-coefficients for the differentiation facet
(persons) are used to evaluate the contribution of each facet to
the overall variance scores.
The absolute G-coefficients (Ga) contain all sources of variation

that indirectly affect an absolute measure, whereas relative
G-coefficients (Gr) explicitly account for variance linked to the
object of measurement37.

Identifying the stable and fluctuating psychopathological
features
Using formulae developed by Medvedev et al.17, a state
component index (SCI) and trait component index (TCI) were
computed to assess the capacity of scales/items to measure both
stable and fluctuating symptoms17. These indices show how much
of a measure’s variation is attributable to its stable and fluctuating
variables. The D-study optimised assessment by adjusting and
altering facet designs to investigate the characteristics of
individual items reflecting certain illnesses.

Comparing the reliability and generalisability of the 3 and 5
factor models of the PANSS using classical test theory
The internal consistency Cronbach’s alpha (α), descriptive
statistics, test-retest, and McDonald’s omega (ω) coefficients were
calculated for the 3 and 5 factor models of PANSS, as well as the
overall scale (n= 159 × 5 instances). The results were compared to
the G-theory analysis.

Fig. 1 Venn diagram of two-facet design person x item x occasion (P × I × O) and the components definitions for two-facet generalisability
analysis.
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RESULTS
G-Study
Table 1 shows the actual values of the variance components and
the percentage of variation that each contributes to the
assessment scores, as well as the findings of the G-Study analysis
of the PANSS total scale and the subscales of the 3 and 5 factor
models.
With just a modest amount of variation attributable to

fluctuations (SCI= 0.17), the total PANSS scale demonstrated
acceptable generalisability of scores across several occasions and
the sample population (Gr = 0.85 and Ga = 0.56). The highest
proportion of error variation in the total assessment score (34.0%)
was attributed to (O), which is essentially the overall change of
score as a function of time for all participants.
The 3-factor model of PANSS (positive, negative, and general

symptoms subscales) showed acceptable relative generalisability
of scores across (P) and (O) (Gr: positive = 0.77, negative = 0.77,
and general = 0.77) respectively, just under 0.80 benchmark.
However, none of the subscales of the 5-factor model reached the
reliability standard, with Gr values falling below the 0.70 threshold
(Table 1). The true variance explained by individual differences
ranges from as low as 24% (cognitive/disorganisation subscale) to
56% (positive symptoms subscale), while at least 70% is required
to reliably differentiate between individuals.

D-Study
The D-study sought to identify PANSS items that are susceptible
to fluctuating changes. In Table 2, the (P) (stable symptoms) and
(O) × (P) interaction variance components (fluctuating symptoms),
along with the SCI values that were used to find items that
represent these fluctuations are presented. With a mean of 0.38

and a range of 0.27 to 0.50, the SCI values indicate that stable
patterns account for the majority of symptom variation. The
results showed that the following six items had the highest level
of stability (SCI ≤ 0.40): anxiety, guilt feelings, uncooperativeness,
excitement, poor rapport, and poor impulse control. On the other
hand, twelve items—delusions, hallucinatory behaviour, concep-
tual disorganisation, suspiciousness, difficulty thinking abstractly,
emotional withdrawal, lack of spontaneity, motor retardation,
somatic concern, disorientation, active social avoidance, and
disturbance of volition—showed the highest variability, with a
higher state-related variance (SCI= 0.50–0.68).
Combining items with a SCI above the average of 0.38 did not

improve the scale’s sensitivity to temporal changes. This resulted
in a greater proportion of trait-related (P) variation (e.g., SCI
< 0.30). Modifications to positive and negative factors did not
improve reliability, except for the general factor, where reliability
increased when somatic concern was included. Additionally, the
5-factor model was found to lack acceptable generalisability, and
no further modifications were pursued.

Comparison with conventional results
We compared G-theory results with conventional results obtained
using CTT.
Tables 3 and 4 present the descriptive statistics and test-retest

reliability coefficient that were calculated using the current sample
for the 3 and 5 PANSS assessments.
The 3-factor model demonstrated a statistically significant

decrease in positive, general, and total symptoms at each
evaluation point when compared to the baseline (Table 3). In
the 5-factor model, a decrease in all assessment’s points across
positive, negative, cognitive, and mostly in hostility can be
observed (Table 4).

Table 1. G-study estimates of variance componentsa.

Scale/subscale P I O PxI PxO IxO PxIxO G-r G-a SCI

3-Factor Model

PANSS Total (PT) 0.02 <0.001 0.01 <0.00 0.004 <0.00 <0.00 0.85 0.56 0.17

PT Variance % 56.0 0.0 34.0 0.0 10.0 0.0 0.0 – – –

Positive Symptoms (PS) 0.06 0.001 0.01 0.004 0.004 0.002 0.009 0.77 0.64 0.06

PS Variance % 64.0 1.4 12.5 4.6 4.5 2.3 10.6 – – –

Negative Symptoms (NS) 0.06 0.001 0.01 0.004 0.004 0.002 0.01 0.77 0.68 0.05

NS Variance % 68.0 0.7 8.9 4.5 3.8 2.3 11.7 – – –

General Symptoms (GS) 0.03 <0.001 0.01 0.003 0.004 0.001 0.003 0.77 0.56 0.12

GS Variance % 56.0 0.8 25.0 4.7 7.5 1.1 4.8 – – –

General (excluding 15) (G15) 0.035 <0.001 0.014 0.003 0.004 0.001 0.003 0.78 0.58 0.10

G15 Variance % 58.0 0.0 33.5 0.3 9.8 0.0 0.3 – – –

5-Factor Model

Positive Symptoms (PS) 0.04 0.007 0.007 0.003 0.004 0.003 0.01 0.66 0.56 0.09

PS Variance % 56.0 2.5 8.4 5.5 5.8 4.3 17.6 – – –

Negative Symptoms (NS) 0.03 <0.00 0.01 0.008 0.004 0.002 0.01 0.56 0.44 0.12

NS Variance % 44.0 0.8 16.2 12.3 6.2 4.0 16.5 – – –

Cognitive/Disorganisation (CD) 0.01 <0.00 0.01 0.008 0.004 0.002 0.01 0.33 0.24 0.12

CD Variance % 24.0 0.0 19.4 18.1 8.7 3.9 21.9 – – –

Depression/Anxiety (DA) 0.07 0.003 0.009 <0.00 0.07 0.004 0.02 0.68 0.58 0.08

DA Variance % 58.0 2.9 7.9 8.5 5.2 3.6 13.9 – – –

Hostility (H) 0.03 0.002 0.03 0.02 0.003 0.002 0.01 0.40 0.27 0.09

H Variance % 27.0 1.7 28.6 22.3 3.1 2.3 15.0 – – –

aDifferentiation variance component of person (P); Absolute error variance of item (I), occasion (O), interaction between person and item (PxI), person and
occasion (PxO), item and occasion (IxO) and person, item and occasion (PxIxO); Relative G-coefficient (Gr); Absolute G-coefficient (Ga); and State Component
Index (SCI).

Z. Doborjeh et al.

4

Schizophrenia (2024)    87 Published in partnership with the Schizophrenia International Research Society



Figures 2 and 3 show that the symptoms decrease compared to
the baseline at the following assessments with very similar
patterns. This reflects the variance component of (O) in G-theory
results. Test-retest reliability coefficients progressively declined as
a function of time between baseline and assessment timepoint for
both models, suggesting that the fluctuating nature of symptoms
in this populations is consistent with the G-theory results
(Tables 3 and 4). Internal reliability of the total PANSS (α= 0.86,
ω= 0.87) was consistent with Gr, measuring the overall reliability
at the relative level. Consistent with G-theory results, for 3-factor
model, the internal reliability was lower compared to the total
scale (positive α= 0.62 and ω= 0.64; negative α= 0.69 and
ω= 0.74; general α= 0.79 and ω= 0.81).
Similar to G-theory results, compared to the 3-factor model, the

5-factor model displayed lower internal reliability (positive
α= 0.69 and ω= 0.71; negative α= 0.79 and ω= 0.80; cognitive
α= 0.62 and ω= 0.72; depression α= 0.69 and ω= 0.69; and
hostility α= 0.52 and ω= 0.58.

DISCUSSION
This study applied G-theory to validate PANSS in individuals at
UHR for psychosis, quantify differences between stable and
fluctuating symptom patterns, and compare the reliability and
generalisability of the 3- and 5-factor models. Our findings reveal
several key insights into the nature of symptomatology in this
population.
Overall, the total PANSS score showed acceptable reliability in

our UHR sample and outperformed the individual subscales. The
overall PANSS score indicated stable symptoms more than
fluctuating symptoms, and it was unaffected by other measure-
ment errors.
The overall symptoms operationalised by the PANSS items

cannot be classified as fluctuating in this population. The most
stable items were predominantly general symptoms (anxiety, guilt
feelings, uncooperativeness, poor impulse control), with one item
each from positive (excitement) and negative (poor rapport)
subscales.
The most fluctuating symptoms were positive (4 items including

conceptual disorganisation, delusions, suspiciousness, and hallu-
cinatory behaviour), negative (4 items including difficulty in
abstract thinking, emotional withdrawal, stereotyped thinking,
and lack of spontaneity), and general (5 items including somatic
concern, motor retardation, active social avoidance, disorientation,
and disturbance of volition).

Reliability and generalisability of the 3 and 5 factor models
of PANSS
The 3-factor model demonstrated acceptable score reliability and
generalisation across occasions and sample populations. The
5-factor model demonstrated reduced reliability, falling below the
required benchmark 0.70. This implyies that measurement error
attributable to subscale features, such as interaction between (P),
(O), and (I), exceeded 30% for these subscales39. These results
indicate that the true differences between individuals was as low
as 24% for cognitive/disorganisation subscale and only exceeded
50% for the positive symptoms subscale of the 5-factor model.
Our findings suggest that measurement errors affecting 5-factor
model are inherent to the combination and number of items
rather than the conceptual validity of 5-factor model. Therefore,
using a 5-factor solution over a 3-factor model in UHR is not
supported by current G-theory analysis. Future studies may
develop more reliable 5-factor model by including additional
items with better psychometrics properties to ensure reliable and
valid assessments. Modifications to enhance reliability in positive
and negative factors yielded limited success, except for a minor
improvement in the general factor with the exclusion of somatic
concern. This finding prompts a consideration of the purpose of
somatic concern in assessing psychosis in this population due to
fluctuating nature of this symptom. Additionally, 5-factors fell
below acceptable generality, and while no modifications were
pursued, acknowledging these limitations underscores the com-
plexity of UHR symptomatology and the ongoing need for
refinement in assessment tools and conceptual frameworks.

Stable and fluctuating symptom patterns in UHR individuals
Although negative symptoms were largely stable, focusing only
on subscale-level reporting would overlook important fluctuating
changes. For instance, several negative symptoms showed
variability, such as those on the general subscale (disturbance of
volition and motor retardation). Individual item scores, as seen in
Table 2, may be more helpful for monitoring certain symptoms
that fluctuate or remain stable, even if the PANSS and its subscale
scores are beneficial for evaluating overall symptomatic changes.
A more thorough assessment of individual symptom patterns

instead of subscale and total scores allows for a more detailed

Table 2. Variance components and the SCI for the individual PANSS
itemsa.

Item/scale P PO SCI

Positive symptoms

P1: Delusions 0.03 0.06 0.68

P2: Conceptual Disorganisation 0.09 0.10 0.53

P3: Hallucinatory Behaviour 0.08 0.13 0.61

P4: Excitement 0.24 0.12 0.34

P5: Grandiosity 0.05 0.04 0.46

P6: Suspiciousness/Persecution 0.06 0.08 0.56

P7: Hostility 0.11 0.07 0.40

Negative symptoms

N1: Blunted Affect 0.12 0.10 0.44

N2: Emotional Withdrawal 0.07 0.14 0.67

N3: Poor Rapport 0.24 0.12 0.33

N4: Passive/Apathetic Social Withdrawal 0.05 0.05 0.49

N5: Difficulty in Abstract Thinking 0.07 0.10 0.60

N6: Lack of Spontaneity & Flow of Conversation 0.04 0.07 0.64

N7: Stereotyped Thinking 0.10 0.10 0.51

General symptoms

G1: Somatic Concern 0.08 0.14 0.63

G2: Anxiety 0.23 0.13 0.35

G3: Guilt Feelings 0.07 0.05 0.39

G4: Tension 0.10 0.09 0.47

G5: Mannerisms and Posturing 0.08 0.06 0.45

G6: Depression 0.12 0.08 0.40

G7: Motor Retardation 0.10 0.13 0.57

G8: Uncooperativeness 0.30 0.13 0.30

G9: Unusual Thought Content 0.07 0.05 0.40

G10: Disorientation 0.08 0.08 0.50

G11: Poor Attention 0.06 0.06 0.48

G12: Lack of Judgment and Insight 0.14 0.10 0.42

G13: Disturbance of Volition 0.09 0.11 0.56

G14: Poor Impulse Control 0.21 0.13 0.38

G15: Preoccupation 0.07 0.05 0.43

G16: Active Social Avoidance 0.08 0.08 0.52

aDifferentiation variance of person (P); Absolute error variance of person
and occasion interaction (P × O); and the State Component Index (SCI).
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evaluation and treatment responses. However, this approach has
not been widely reported in psychosis research.
In our study, poor rapport and blunted affect were observed to

be stable, however, Fusar-Poli et al.40 found that negative
symptoms in schizophrenia changed with time. They utilised the
CTT method, which, although controlling for person variance,
cannot distinguish clearly between variation resulting from
changes at the group level and variability of particular items
indicating symptoms at the individual level16. Thus, Fusar-Poli
et al.40. findings on evolving negative symptoms may indicate
how effectively negative items reflect change at the group level
but how poorly they reflect individual change when unwanted
error variation is taken into consideration.
Contrary to earlier studies based on the CTT approach, our

study using the G-theory technique revealed that both stable and
fluctuating symptoms were observed on the PANSS positive and

general subscales. This shows that positive symptoms are more
changeable in UHR individuals6.
This discrepancy is most likely due to CTT constraints,

emphasises the need for further G-theory replication of these
findings with different sample sizes and various symptom severity.
Moreover, it emphasises the significance of assessing changes in
symptoms at the individual item level as opposed to scale and
subscale scores.
Our study presents interesting findings that delusions had a

fluctuating nature in youth at risk of psychosis (SCI= 0.68), in
contrast to previous research15 which has identified delusions as
relatively stable features in adults diagnosed with schizophrenia.
This could be attributed to several factors, including develop-
mental differences, the neuroplasticity present in younger
individuals, and potentially differing stages in the progression of
psychosis that may or may not be developed.

Table 3. Means, standard deviation (SD), and test-retest coefficients for the 5-factors PANSS subscales and the total scale (n= 159 × 5 occasions).

Scale/assessment Baseline 6 Months 12 Months 18 Months 24 Months

PANSS Positive

Mean (SD) 8.51(2.6) 7.37**(2.43) 6.90**(2.07) 6.97**(2.40) 7.26**(2.3)

Test-retest (r)a 0.46 0.38 0.42 0.28

PANSS Negative

Mean (SD) 12.05(4.82) 10.35**(3.9) 10.23**(3.93) 9.19**(3.0) 9.68**(3.1)

Test-retest (r)a 0.5 0.33 0.4 0.32

PANSS Cognitive

Mean (SD) 9.72(2.84) 9.05**(2.15) 8.92**(1.92) 8.71**(1.9) 8.92**(2.3)

Test-retest (r)a 0.66 0.60 0.58 0.52

PANSS Depression

Mean (SD) 9.94(3.64) 8.27**(3.1) 8.14**(2.84) 8.24**(2.53) 8.55**(2.76)

Test-retest (r)a 0.38 0.36 0.27 0.31

PANSS Hostility

Mean (SD) 8.13(2.46) 7.53**(1.95) 7.57**(1.7) 7.50**(1.8) 7.58**(2.12)

Test-retest (r)a 0.27 0.27 0.07 0.02

aTest-retest bivariate correlations between assessments and the baseline.
Note: **p < 0.01. Mean difference is significant compared to the baseline.

Table 4. Means, standard deviation (SD), and test-retest coefficients for the 3-factors PANSS subscales (positive, negative, and general) and the total
scale (n= 159 × 5 occasions).

Scale/assessment Baseline 6 Months 12 Months 18 Months 24 Months

PANSS Total

Mean (SD) 48.35**(11.50) 42.57**(9.70) 51.75**(8.76) 42.62**(8.16) 42.01**(8.70)

Test-retest (r)a -- 0.66 0.51 0.46 0.38

PANSS Positive

Mean (SD) 10.71**(2.75) 9.57**(2.6) 9.01**(2.03) 9.03**(2.38) 9.35**(2.53)

Test-retest (r)a -- 0.57 0.35 0.38 0.31

PANSS Negative

Mean (SD) 12.16**(4.17) 11.15**(3.66) 11.14**(3.47) 10.19**(2.90) 10.67**(3.07)

Test-retest (r)a -- 0.58 0.37 0.38 0.36

PANSS General

Mean (SD) 25.48**(6.93) 21.86**(5.6) 21.60**(5.14) 21.40**(4.84) 21.99**(5.23)

Test-retest (r)a -- 0.66 0.57 0.50 0.41

aTest-retest bivariate correlations between assessments and the baseline.
Note: **p < 0.01. Mean difference is significant compared to the baseline.

Z. Doborjeh et al.

6

Schizophrenia (2024)    87 Published in partnership with the Schizophrenia International Research Society



Implications for clinical practice
The observation of considerable variability in delusional experi-
ences among young individuals implies a potential opportunity
for early intervention and intervention efficacy. Timely identifica-
tion of such prodromal signs and prompt intervention strategies
could potentially alter the trajectory of psychosis progression. This
prospect holds significant promise, as it offers tailored and age-
appropriate interventions to address the needs of young
individuals more effectively.

Limitations and future research
Firstly, the present study has a limitation related to cultural
diversity and interpret, particularly in the context of Singapore.
Secondly, G-theory is a powerful tool to assess reliability and
identify sources of measurement error, but it is limited in assessing
construct validity and the interactive network of symptoms in this
population. And finally, we recognise that the PANSS may have
limitations when applied to UHR populations. Therefore, future
research may benefit from the development of instruments

Fig. 2 Psychotic symptoms mean scores computed at 5 time points for the following measures. a PANSS total and PANSS 3 factors model:
b positive, c negative and (d) general symptoms.

Fig. 3 Psychotic symptoms mean scores computed at 5 time points for PANSS 5-factors model. a positive, b negative, c cognitive,
d depression, and (e) hostility symptoms across two years.
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specifically designed to capture the complete range of symptom
intensity and variability in UHR populations while maintaining
comparability with measures used in established psychotic
disorders.
Future studies should apply network analysis to investigate

construct validity and interactive links between symptoms in this
population over time41.
This study’s findings will help future researchers design a

reliable tool for measuring stable and fluctuating psychotic
symptoms. The current study of the PANSS utilising G-theory
offers a methodological foundation for developing such a tool.
This methodology holds potential to advance clinical practice by

enabling precise longitudinal tracking of patients’ symptomatology
through dual mechanisms. First, a fluctuating symptoms scale is used
to evaluate individual symptom change, followed by an assessment
of overall psychopathology using a stable symptoms measure.
In conclusion, the present study utilised G-theory to analyse

PANSS data in individuals at UHR for psychosis, assessing
fluctuating versus stable symptom patterns and evaluating
reliability and generalisability of 3 and 5 factor models. While
the PANSS demonstrates reliability in capturing stable symptoms,
the 5-factor model’s limitations underscore the need for refine-
ment in assessment tools. Moreover, the identification of
fluctuating symptom patterns highlights the importance of
individual-level evaluation for tailored interventions. These find-
ings not only enhance our theoretical grasp of psychosis
progression but also hold immense potential in guiding more
targeted and effective interventions.
The used in the paper G-theory is a complementary approach

when compared to the previously used spiking neural network
(SNN) approach, that first represents changes of variables over
time encoded into spikes, before a predictive SNN model is
created42,43. Integrating the two approaches, making use of their
advantages, would be a viable step forward.
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