
���������	
����
�
������
���


����� �	
��
	�	���
��
	�	���������
�����������������������	�������	���������������
������������

����
�	 �����������
���

���������
������ ��� ��!�"#

$��% ����	�&&�	����’������
’��’��&������&"(!)&)#"(( 

*�����
� �������������� ��+�	
��
	�	���
��
	�	���������
���������������������
���	�������	����������������������������+��,-*�,��������,������’�����	�&&
�
�’
��&"�’.. )�&.���

���	�
�	�&�$����	� �����	�������	�
�

/����	 ����	�&&000’��’��&��&������	��
�������
&�����	���������	���
�����
�	

,�����	������-���	��
*�������,������
1,-*,2

3�	

https://dspace.library.uu.nl/handle/1874/461885
https://www.uu.nl/en/university-library/license-and-reuse-conditions


INTEGRATING HUMAN PERSPECTIVES 
AND ARTIFICIAL INTELLIGENCE

����������������������������

��������������





����������������������������
INTEGRATING HUMAN PERSPECTIVES 

AND ARTIFICIAL INTELLIGENCE

��������������



ISBN: 978-94-6522-373-5

DOI: 10.33540/3000

Cover design and layout: © evelienjagtman.com

Printed by: Ridderprint I www.ridderprint.nl

This work was supported by ZonMw (project ID 63631 0011) and by a grant from the working 

group AI for Health of the Alliance TU/e-WUR-UU-UMCU for the project.

© Violet van Dee, 2025

All rights reserved. No parts of this thesis may be reproduced, stored in a retrieval system 

or transmitted in any form or by any means without permission of the author.



����������������������������
INTEGRATING HUMAN PERSPECTIVES 

AND ARTIFICIAL INTELLIGENCE

Psychose Prognose Predictie

integratie van menselijke perspectieven en kunstmatige intelligentie

(met een samenvatting in het Nederlands)

Proefschri�t

ter verkrijging van de graad van doctor aan de

Universiteit Utrecht

op gezag van de

rector magni�cus, prof. dr. ir. W. Hazeleger,

ingevolge het besluit van het College voor Promoties

in het openbaar te verdedigen op

woensdag 16 juli 2025 des middags te 2.15 uur

door

Violet van Dee

geboren op 6 februari 1988

te Leiderdorp



Promotor:

Prof. dr. W. Cahn

Copromotoren:

Dr. H.G. Schnack

Dr. W.E. Swildens

Beoordelingscommissie:

Prof. dr. S. Castelein

Dr. E. van Dellen

Prof. dr. J.D. Kroon

Prof. dr. J.J. van Os

Prof. dr. A.G.J. van de Schoot (voorzitter)



CONTENTS

Chapter 1. General introduction �

Chapter 2. Patient and public participation in this project ��

Part 1. Predictors and recovery of psychosis from various stakeholder perspectives

Chapter 3. Systematic review and meta-analysis on predictors of prognosis 

in patients with schizophrenia spectrum disorders: An overview 

of current evidence and a call for prospective research and open 

access to datasets 

��

Schizophrenia Research, 2023

Chapter 4. In Pursuit of� recovery: A� comparative study of� stakeholder 

perspectives on outcomes of�people with�psychosis

��

Community Mental Health Journal, 2024

Part 2. Implementing ML models for outcome prediction in psychotic disorders

Chapter 5. Prognostic predictions in psychosis: exploring the complementary 

role of machine learning models

���

Accepted for publication in BMJ Mental Health, 2025

Chapter 6. Collective intelligence in psychosis prognosis prediction: rethinking 

the role of expertise

���

Submitted

Chapter 7. Revealing the impact of psychiatric comorbidities on treatment 

outcome in early psychosis using counterfactual model explanation

���

Frontiers in Psychiatry, 2023

Chapter 8. Summary and general discussion ���

Appendix

Samenvatting ���

References ���

List of publications ���

Author a�liations ���

Dankwoord ���

Curriculum vitae ���





INTRODUCTION

��������






9

INTRODUCTION

A diagnosis of a psychotic disorder o�ten introduces signi�cant uncertainty for patients and 

their loved ones about what the future may hold. Gaining insight into individualized predictions 

of recovery outcomes, along with understanding how to positively in�uence these outcomes, 

can provide a foundation for planning and decision-making. Recovery, in this context, is 

regarded as a multidimensional concept encompassing clinical recovery, functional recovery, 

and personal recovery. Importantly, the perspectives of patients and their loved ones play a 

crucial role in shaping the de�nitions and priorities within these recovery dimensions. When 

patients, their loved ones, and clinicians are aware of each other’s perspectives on recovery 

and have a clear understanding of the factors in�uencing recovery, they can work more 

e�ectively and purposefully towards recovery goals. Accurately predicting recovery outcomes 

is challenging due to the complex interplay and vast number of factors that in�uence recovery 

trajectories. Machine learning (ML) techniques are promising tools for analyzing large and 

diverse datasets to predict individual outcomes in psychotic disorders.

The overarching goals of this thesis are twofold: (1) to investigate predictors and relevant 

outcome measures for psychotic disorders from the perspectives of various stakeholders and 

(2) to explore the opportunities and challenges associated with implementing ML models for 

outcome prediction in psychotic disorders. This introduction will present the key concepts 

and a summary of the existing literature on the topic, followed by an outline of the thesis.

Schizophrenia spectrum and other psychotic disorders

Psychosis� is a syndrome characterized by delusions, hallucinations, and disorganized 

thought processes, with an estimated lifelong prevalence of 1-3% in the general 

population.1, 2 These symptoms can be deeply unsettling for both patients and their loved 

ones. However, the severity and impact of symptoms vary widely among individuals. 

Psychosis has a multifactorial etiology, manifesting across various psychiatric and 

somatic conditions. In schizophrenia spectrum disorders (SSD), psychosis is the central 

feature, o�ten accompanied by negative (e.g., lack of motivation and apathy), a�ective and 

cognitive symptoms. High rates of psychiatric comorbidities, such as anxiety disorders and 

depression, are associated with more severe symptoms and worse prognosis.3, 4 Recovery 

trajectories are heterogeneous, ranging from full remission to persistent impairments.

Recovery

History of recovery in mental health care

Over the past century, the concept of recovery in mental health care has undergone 

signi�cant transformation. Traditionally, recovery was equated with symptom remission, 

re�ecting a return to a pre-illness state, o�ten within a paternalistic model of care. In this 
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framework, decision-making authority rested primarily with clinicians, while patients and 

their families were largely excluded from the process (�gure 1a). Over time, criticisms of 

this traditional model emerged, highlighting the o�ten unacceptable living conditions in 

asylums at the time, the stressful nature of inpatient care and the challenges patients 

faced in generalizing skills learned in clinical settings to other environments. 5, 6 Additionally, 

prolonged institutionalization posed risks of dependency and skill deterioration, 

increasing barriers to societal reintegration. 5, 6 These concerns underscored the need for 

deinstitutionalization, shi�ting the focus toward community-based care to promote the 

integration and inclusion of individuals with psychiatric disorders. 5, 7 From around 1950 to 

1980, countries like the United States, Italy, and England implemented rigorous reforms 

that limited clinical admissions and signi�cantly reduced the length of hospital stays, 

whereas the Netherlands adopted a more gradual approach. 8 From the 1980s onward, the 

focus initially lay on developing outpatient mental health care facilities and supported 

or assisted housing.8 The reduction of clinical facilities followed only in later decades. 8

With the growing emphasis on meaningful participation in society, attention shi�ted 

toward functional and social recovery domains. This shi�t acknowledged the importance 

of individuals not only managing their symptoms, but also rebuilding their ability to lead 

ful�lling lives and reconnect with their communities (�gure 1b).

Beginning in the 1950s in the United States and in the 1960s and 1970s in the Netherlands, 

the consumer/survivor movement emerged, advocating for patients’ rights and challenging 

practices and policies perceived as contrary to their interests. 9-11 This movement laid the 

groundwork for the recovery movement, which further advanced this transformation by 

emphasizing self-determination and personal agency. 12 Recovery, in this context, is not 

synonymous with curing or eliminating symptoms but is instead about regaining control 

over one’s life and constructing a new and meaningful existence alongside or beyond the 

challenges posed by mental health conditions. 13 Recovery is seen not as a �xed endpoint, 

but as a continuous, individual, and non-linear journey. 14-16 Recovery-oriented care ref﻿l ects 

this perspective by positioning patients as active participants in their own process, valuing 

their lived experiences, aspirations, and goals. In collaborative recovery models, patients 

contribute insights into their experiences and aspirations, family members and loved ones 

can serve as integral members of the support network, and health care professionals o�er 

medical expertise, all working together to foster a holistic recovery process (�gure 1c).

Emerging from the recovery movement is a growing shi�t toward patient-led recovery, 

which emphasizes individuals setting their own goals while drawing on support from social 

networks or professionals when needed. While this represents an important development 

in mental health care, it is not (yet) a standard practice in clinical settings.
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Recovery in people with psychotic disorders

Understanding the outcomes of people with psychotic disorders requires a 

comprehensive approach, addressing domains such as symptomatic, clinical, functional 

and personal recovery. The symptomatic domain refers to the symptoms directly 

associated with the psychotic disorder. A commonly used instrument to assess the 

severity and course of psychotic symptoms is the Positive and Negative Syndrome 

Scale (PANSS).17, 18 The clinical domain is not consistently de�ned in the literature, but in 

this thesis, it refers to all symptoms and complaints of the patient, both psychological 

and physical, that may not only be a direct but also an indirect consequence of the 

illness. Examples of this include sleep disturbances, obesity, or medication side e�ects. 

From this interpretation, the symptomatic domain is a part of the clinical domain. 

The functional domain involves occupational, social, and adaptive functioning. 19 The 

personal domain focuses on the process of attaining meaningful goals, identity, and 

purpose.19 Despite these distinctions, there is no broad consensus on de�ning and 

measuring recovery outcomes. For example, a review of 10,000 schizophrenia trials 

identi�ed 2,194 distinct outcome measures. 20

Research highlights the complex relationships among recovery domains. While symptomatic 

remission is o�ten associated with higher levels of functioning, it does not guarantee 

adequate functional or personal recovery. 21 A study showed that 25% of individuals 

achieving symptomatic and functional recovery did not report personal recovery, while 8% 

of those reporting personal recovery did not achieve symptomatic or functional recovery. 22 

These �ndings emphasize the need for separate predictor analysis for each outcome.

Perspectives on recovery of psychotic disorders by di�erent stakeholders

While recovery-oriented care is widely endorsed, priorities vary among stakeholders. Health 

care professionals (HCPs) most o�ten emphasize clinical recovery, focusing on symptom 

reduction, fewer hospitalizations, and treatment adherence. 23-25 Informal caregivers (ICs), 

de�ned as individuals such as family members and loved ones who take on a caregiving 

role, tend to prioritize symptomatic and functional recovery, emphasizing psychosocial 

outcomes such as relationships, reduced stress, and independence.24, 26, 27 In contrast, 

people with psychosis tend to prioritize functional and personal recovery, emphasizing 

the capacity for work, subjective well-being, self-respect and acceptance. 24, 27, 28

These di�ering priorities underscore the complexity of recovery, which encompasses 

both objective outcomes — such as symptom remission and daily functioning — and 

subjective dimensions, including identity, meaning, and empowerment. A study examining 

perceptions of remission among patients, ICs, and HCPs found agreement in only 18% of 

cases.23 Such �ndings illustrate the challenges of aligning recovery goals in clinical practice 
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and highlight the need for a nuanced understanding of recovery that accommodates 

diverse perspectives. Acknowledging these complexities in recovery can foster more 

inclusive and collaborative care, where the voices of patients, caregivers, and professionals 

are equally valued.
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Figure 1. Evolution in thinking about aspects and agency in recovery

a) Traditionally, doctors aimed for symptomatic remission as the sole decision-makers.

b) De-institutionalization shi�ted care to community settings, emphasizing functional and social 

recovery to support societal participation.

c) Recovery-oriented care now places patients at the center, valuing their goals and lived 

experiences, moving away from a hierarchical focus on symptomatic, functional, and personal 

recovery. Studies and guidelines based on group-level research �ndings are used to inform 

treatment recommendations and policies for individual patients.
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Prognosis prediction in psychotic disorders

Prognosis prediction in schizophrenia spectrum disorders

Historically, schizophrenia was conceptualized as a chronic, progressively deteriorating 

condition. Current estimates indicate that about one-third of individuals with SSD achieve 

full clinical recovery, another third experience partial recovery, and the remaining third su�er 

from chronic, severe impairments. 29, 30 A meta-analysis on long-term outcome demonstrated 

that on group level, recovery rates (broadly de�ned as clinical and/or social improvement for 

more than 1 year) tend to stabilize a�ter the �rst two years of illness, suggesting that the poor 

outcome trajectory is not progressively deteriorating. 30 However, other studies indicate that 

this may not hold true for a subgroup of severely a�ected patients with treatment-resistant 

symptoms, as this group appears to experience cognitive decline over time. 31 The �ndings 

of improved outcomes of SSD may re�ect selection bias in older studies, which included 

more severely a�ected individuals and o�ten did not follow up on those who le�t institutional 

care. Another possible explanation for the improved outcome is better treatment and care, 

including the introduction of antipsychotic medications, community care and dedicated 

early intervention services for people with psychosis. Many studies have sought to identify 

predictors of outcome trajectory for SSD, but it is unclear whether the group level di�erences 

observed in these analyses can be used to generate predictions for individuals. If individual 

outcomes could be predicted, it would allow clinicians to better inform their patients about 

their prognosis and tailor psychiatric treatment and care to each patient’s speci�c needs. 32, 33

Barriers in predicting prognosis for psychosis

Heterogeneity in study design

Previously identi�ed predictors should be interpreted with caution, due to wide variability 

in study results. This variation o�ten arises from di�erences in study design. Key factors 

include substantial variability in study populations, such as di�erences in sample sizes, 

diagnostic criteria and duration of illness. Moreover, there is no consensus on the de�nitions 

or selection criteria for predictors and outcome domains, with some variables functioning 

as both predictors and outcomes. Variations in follow-up durations further contribute to 

inconsistent �ndings. The reliance on cross-sectional data in many studies adds to these 

challenges, as it precludes causal inferences and complicates the interpretation of results.

Limitations of traditional statistical models

Traditional statistical techniques commonly used in prognosis research, such as regression 

models, o�ten encounter di�culties when handling large datasets, numerous or highly 

correlated predictors, non-linear relationships, and mixed data types. Furthermore, these 

models typically estimate the average e�ects of predictors across populations, which does 

not translate well to individual-level predictions. The focus is primarily on the coe�cients of 

predictors, which capture general relationships between variables, but fail to provide accurate 

predictions for individual patients.



14

Challenges in implementing Patient and Public Involvement (PPI)

Patient and public involvement (PPI) is underutilized in research on SSD. PPI emphasizes 

conducting research with and by  patients rather than to, for  and about them. 34, 35 Patients 

in PPI are involved as research partners rather than participants. 36 Engaging patients, ICs, 

and HCPs in the design, execution, and interpretation of research ensures that relevant 

questions are addressed, integrates diverse stakeholder perspectives, and enhances the 

applicability of �ndings for service users and clinical practice. 36 Beyond these pragmatic 

bene�ts, researchers have a moral obligation to share power over the research agenda 

and its implementation with stakeholders. 37 PPI fosters a shared understanding of recovery 

and supports e�ective collaboration, which are both essential for delivering personalized 

treatment and care. Despite these advantages, challenges to PPI implementation persists, 

including increased research time and costs, emotional burden of sharing personal 

experiences in research settings,38 and pronounced power imbalances between researchers 

and PPI collaborators.37, 39, 40 The collaborative process o�ten faces turbulence due to the 

inherent complexity of sharing power, highlighting its importance. 41 Participatory Action 

Research (PAR), as an approach where research is co-created with participants and focuses 

on action-driven outcomes, o�ers a framework to address some of these challenges by 

fostering deeper partnerships and a more equitable distribution of power in the research 

process.42

Frameworks such as the Ladder of Citizen Participation (table 1) categorize the degree of 

stakeholder involvement and power-sharing across di�erent research stages. 43 Reporting 

tools like the GRIPP2 checklist—the �rst international guidance for documenting PPI in 

health and social care research—promote transparency by detailing how stakeholders 

are involved in each research phase.44 However, these tools do not assess the impact of 

stakeholder involvement on study outcomes. While PPI remains relatively novel in mental 

health care research, recent studies describing experiences and best practices provide 

valuable insights into its practical implementation. 37, 38, 45-47

Table 1. Ladder of stakeholder participation 43, 48, 49

Doing together / 

citizen power

Empower Stakeholders lead research decision making

Collaborate Stakeholders are partners in the research process

Doing for / tokenism Involve Researchers work directly with stakeholders

Consult Input is obtained from stakeholders

Inform Information is provided to stakeholders

Doing to / non-

participation

Educate Assumption that the stakeholders are passive recipients

Manipulate The illusion of participation while actual power is denied
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Use of machine learning techniques for psychosis prognosis prediction

Machine learning techniques for outcome prediction for SSD

Machine learning, a branch of arti�cial intelligence, enables computers to learn from data 

rather than being programmed with explicit instructions. By training models on large 

datasets, ML allows computers to recognize patterns and make predictions (e.g., diagnostic 

classi�cations) based on these learned patterns. When given new data, the model applies 

its acquired knowledge to predict outcomes or make decisions (�gure 2).

ML provides a powerful and adaptable tool for individualized psychosis prognosis 

prediction. 50 ML techniques are particularly suited for analyzing complex, high-dimensional 

datasets and generating personalized predictions. 50 Over the past two decades, numerous 

studies have applied ML models (MLMs) to predict outcomes in SSD.51, 52.
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Figure 2. Training and application of the Psychosis Prognosis Predictor (PPP) model

The MLM is trained on large historical datasets containing information from – ideally - thousands 

of patients, in order to capture predictive relationships between patients’ input data and outcomes. 

In the application phase, when presented with data from a new patient - collected from various 

stakeholders - the model applies its acquired knowledge to predict outcomes (in this example V 

= remission, X = no remission) or assist in decision-making. Colors re�ect outcome domains as 

de�ned in �gure 1, using the same color coding.
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A scoping review on outcome prediction in psychotic disorders using ML techniques 

reported Area Under the ROC Curve (AUC) values ranging from 0.58 to 0.95, indicating 

predictive performance from poor to outstanding. 52 Similarly, accuracies vary widely from 

48 to 89%, spanning from poor to very good.52 More objective but less accessible measures, 

such as MRI, EEG and cognitive data, demonstrated superior predictive accuracy compared 

to clinical and social data. 52 This disparity likely re�ects the greater susceptibility of clinical 

and social data to bias. 52 Notably, no speci�c ML approach consistently outperformed 

others across studies, highlighting the importance of tailoring methods to speci�c research 

questions and datasets.52

Despite its promise, the �eld faces signi�cant challenges. Key issues include bias, 

over�tting, and limited generalizability, which restrict the clinical applicability of ML 

models.53 As a result, no MLMs for SSDs have been integrated into routine clinical practice 

to date. Addressing these challenges is critical to harnessing the full potential of ML for 

psychosis prognosis prediction.

MLMs in the clinical practice of psychosis prognosis prediction

The continuous improvement of ML algorithms, coupled with their increasing predictive 

ability, suggests that the time has come to explore how to bridge the gap between the 

capabilities of MLMs and their application in clinical practice. This calls for a new generation 

of implementation research aimed at translating research �ndings into practical, real-

world outcomes.33, 54 Implementation research focuses on actual clinical conditions rather 

than controlled environments, addressing the challenges of integrating precision medicine 

and digital health into routine clinical practice. 55

To assess the potential value of MLMs in clinical practice, it is crucial to examine how their 

predictive ability compares to that of psychiatrists. Currently, there is limited data on the 

accuracy and inter-rater reliability of psychiatrists’ prognostic predictions. Factors such as 

the multifactorial nature of psychiatric symptoms, the lack of objective clinical biomarkers, 

incomplete patient information, the questionable validity of psychiatric classi�cations, and 

the susceptibility of clinical impressions to bias may have a negative impact on accuracy 

and inter-rater reliability of psychiatrists’ diagnostic and prognostic predictions. 56-58 The 

only two available, small and older studies on the prognostic accuracy of psychiatrists 

regarding SSD suggest that their accuracy is limited.59, 60 No studies have yet addressed 

inter-rater agreement of psychiatrists in outcome prediction for SSD. If an MLM performs 

at least as well as the psychiatrist, it could theoretically assist or replace the psychiatrist 

for this task.
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Psychosis prognosis predictor project

This thesis is embedded within the ongoing Psychosis Prognosis Predictor project, which 

develops a ML based model to predict individual patient outcomes and identify modi�able 

factors to improve outcomes. This personalized approach supports tailored treatments and 

patient self-management. To ensure the model re�ects the priorities of patients, ICs, and 

health care professionals, a panel of (family) experts by experience is involved throughout 

the research process. Their input also guides how predictions should be presented and 

interpreted in clinical practice, ensuring the results are meaningful and actionable for 

end-users. More detailed information about their participation is provided in Chapter 2.

Outline of this thesis

In the �rst part of this thesis, we investigate predictors and relevant outcome measures 

of psychotic disorders from di�erent stakeholder perspectives.

Chapter 3 presents the systematic review and meta-analysis on predictors of symptomatic 

remission and relapse, functional improvement and personal recovery in schizophrenia 

spectrum disorders. This study provides an overview of current research. In Chapter 4 we 

investigate perspectives on outcomes of people with psychosis from the perspectives of 

patients, informal care givers and health care professionals.

In the second part of this thesis, we investigate the possibilities and barriers of 

implementation of MLMs for prediction of outcome in psychotic disorders.

In Chapter 5 we compare the prognostic predictive performances of psychiatrists and an 

MLM and explore the possibilities of the use of a MLM to aid prognosis prediction in clinical 

practice. As an extension of Chapter 5, Chapter 6 compares the prognostic predictive 

performance of psychiatrists and experts by experience. In Chapter 7 we use MLMs and 

a MLM explanation technique to study the in�uence of psychiatric comorbidity on the 

predicted likelihood of symptomatic remission in SSD.

Finally, Chapter 8 provides a summary of the main results of this thesis, discusses these 

results in the light of broader literature and discusses future directions for the �eld.
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PATIENT AND PUBLIC PARTICIPATION IN THIS PROJECT

(Family) expert by experience panel

An expert by experience was employed as the coordinator of a panel comprising (family) 

experts by experience. The panel coordinator possessed extensive lived experience with 

psychotic vulnerability and professional expertise as an experience worker and policymaker 

in mental health care. The coordinator was an integral member of the core PPP research 

team. His primary responsibilities included assembling the expert panel and managing 

its contributions to the project.

The panel coordinator independently selected members using his extensive professional 

network, aiming to create a diverse and representative panel of approximately eight 

experts by experience, including himself. The initial panel consisted of seven members 

(two males and �ve females). Six members were experts by lived experience with psychotic 

vulnerability; one of them also had experience as an informal caregiver of someone 

with psychotic vulnerability. The seventh member had experience solely as an informal 

caregiver. All panel members had professional experience in (mental) health care, and 

most had prior research experience as well.

The primary mechanism for panel input was through regular meetings held throughout 

the project’s duration. Occasionally, input was solicited via email to prepare for meetings 

or between sessions. These meetings included not only panel members but also members 

of the core research team. All meetings were initially conducted in person. However, driven 

by preventive measures for COVID-19 and later supported by panel members’ preferences, 

they eventually transitioned to a hybrid format, allowing for both in-person and online 

participation.

The meetings were chaired by the panel coordinator. During these meetings, key 

activities included generating research questions and ideas, discussing study design and 

methodology, and debating the interpretation of research results. Practical matters (e.g., 

how prognoses should be presented to end-users) and ethical considerations (e.g., the 

implications of communicating an unfavorable prognosis) were also addressed.

Over the nearly �ve-year duration of the project, some panel members temporarily 

withdrew, and three members permanently le�t the panel. Four new members were 

recruited during this period. Tragically, in December 2023, the panel coordinator passed 

away. Given the advanced stage of the project, a researcher from the core research team 

assumed the coordinator’s responsibilities for the remainder of the project.
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Table 1. Summary patient and public participation in this thesis 49

Research steps* PPP-project 3. Predictors of 

prognosis

4. Stakeholder perspectives 

on outcomes

5. Man vs machine 6. Rethinking the role of 

prognostic expertise

7. Impact of comorbidity on 

prognosis

Partner empower/ collaborate

Design Collaborate collaborate collaborate / involve collaborate/involve collaborate/involve

Collect collaborate / involve/ consult

Analyze involve / consult involve / consult Involve / consult involve / consult involve / consult

Disseminate Collaborate inform / consult Inform inform

* Steps in the Participatory Action Research (PAR) process49. Partner = develop, build and evaluate a 

research partnership, design = develop research questions and plan design, collect = data collection, 

analyze = data analysis and interpretation, disseminate = tell, show and disseminate research 

�ndings, act = enacting change, policy-level outcomes.

** Levels of participation based on Spectrum of Public Participation ©, International association for 

public participation. Inform: information is provided to patient/public, consult: input is obtained from 

the patient/public, involve: researchers work directly with the patient/public, collaborate: patient/

public is partner in the research process, empower: patient/public leads research decision making.

Panel members and the coordinator were compensated for their travel expenses and the 

time devoted to the project.

The degree of patient and public involvement in each research step of this thesis is 

presented according to their level of participation in table 1 and table 2.

Table 2. Detailed patient and public participation in this thesis

Research steps*

Project

Participant(s)

Level of participation*

Contribution/impact

Partner

PPP-project Panel coordinator (member of 

the core research team)

Recruiting panel members, maintaining 

contacts with panel members, collecting 

contributions of panel members for the 

project, organizing and (co)hosting panel 

meetings

Empower

Expert by experience panel Yearly evaluation by R. Cummins (panel 

coordinator) and/or V. van Dee with 

panel members on how they experienced 

their participation in general and the 

form and content of the meetings.

Empower/Collaborate

Design

PPP research plan / 

grant application

Members of patient and family 

advisory board, department of 

psychiatry UMC Utrecht

Formulation of research questions, goals 

and methods that ensure that results are 

meaningful and at the interest of people 

with psychotic vulnerability.



23

Table 1. Summary patient and public participation in this thesis 49

Research steps* PPP-project 3. Predictors of 

prognosis

4. Stakeholder perspectives 

on outcomes

5. Man vs machine 6. Rethinking the role of 

prognostic expertise

7. Impact of comorbidity on 

prognosis

Partner empower/ collaborate

Design Collaborate collaborate collaborate / involve collaborate/involve collaborate/involve

Collect collaborate / involve/ consult

Analyze involve / consult involve / consult Involve / consult involve / consult involve / consult

Disseminate Collaborate inform / consult Inform inform

* Steps in the Participatory Action Research (PAR) process49. Partner = develop, build and evaluate a 

research partnership, design = develop research questions and plan design, collect = data collection, 

analyze = data analysis and interpretation, disseminate = tell, show and disseminate research 

�ndings, act = enacting change, policy-level outcomes.

** Levels of participation based on Spectrum of Public Participation ©, International association for 

public participation. Inform: information is provided to patient/public, consult: input is obtained from 

the patient/public, involve: researchers work directly with the patient/public, collaborate: patient/

public is partner in the research process, empower: patient/public leads research decision making.

Panel members and the coordinator were compensated for their travel expenses and the 

time devoted to the project.

The degree of patient and public involvement in each research step of this thesis is 

presented according to their level of participation in table 1 and table 2.

Table 2. Detailed patient and public participation in this thesis

Research steps*

Project

Participant(s)

Level of participation*

Contribution/impact

Partner

PPP-project Panel coordinator (member of 

the core research team)

Recruiting panel members, maintaining 

contacts with panel members, collecting 

contributions of panel members for the 

project, organizing and (co)hosting panel 

meetings

Empower

Expert by experience panel Yearly evaluation by R. Cummins (panel 

coordinator) and/or V. van Dee with 

panel members on how they experienced 

their participation in general and the 

form and content of the meetings.

Empower/Collaborate

Design

PPP research plan / 

grant application

Members of patient and family 

advisory board, department of 

psychiatry UMC Utrecht

Formulation of research questions, goals 

and methods that ensure that results are 

meaningful and at the interest of people 

with psychotic vulnerability.

Table 2. Continued

Research steps*

Project

Participant(s)

Level of participation*

Contribution/impact

Collaborate Appointment of an experience worker 

as member of the core research team 

and coordinator of the (family)expert by 

experience panel for the duration of the 

entire project

Appointment of a (family)expert by 

experience panel for the duration of the 

entire project

PPP-project Panel coordinator Active input in all meetings of the core 

research team, representing the patient 

perspective
Collaborate

PPP-project, all 

studies

Expert by experience panel Representation of patient and / or IC 

perspective by;

- formulation of research questions for 

studies

- advise on design and methodology of

Studies

Collaborate/Involve
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Table 2. Continued

Research steps*

Project

Participant(s)

Level of participation*

Contribution/impact

Predictors of 

prognosis (3)

Expert by experience panel Input on which outcome domains should 

be included in this study and how they 

could be incorporated.
Collaborate

Expert by experience panel Advise on design of the questionnaire for 

this study in advance, providing feedback 

on �rst dra�ts and testing of later 

versions of the questionnaire

The question about personal strengths 

that contribute to recovery was added at 

the request of the panel

Collaborate/Involve

Rethinking the 

role of prognostic 

expertise (6)

Expert by experience panel At the request of the panel an extra 

research question was added to the 

research proposal in which we compared 

the predictive capabilities of experts by 

experience with that of psychiatrists.

Collaborate/Involve

Collect

Stakeholder 

perspectives on 

recovery (4)

Expert by experience panel Panel members advised on organizations, 

institutions and platforms that could 

be approached for the recruitment of 

participants.

Panel members used their personal 

and professional networks to recruit 

participants.

Collaborate/Involve

Stakeholder 

perspectives on 

recovery (4)

Anoiksis - patient organization 

for people with psychotic 

vulnerability

Psychosenet – online platform 

for and by people with psychotic 

vulnerability

Enik Recovery College – recovery 

college for people with severe 

mental illness

Ypsilon - organization for ICs of 

people with bipolar disorders

PlusMinus - patient organization 

for people with bipolar 

disorders

These organizations (and others) 

supported our study by spreading our 

call among their members to recruit 

participants

Involve / consult
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Table 2. Continued

Research steps*

Project

Participant(s)

Level of participation*

Contribution/impact

Analyze

All studies Expert by experience panel All study results were discussed in panel 

meetings. In these discussions the panel 

members gave their interpretation 

of the �ndings from the patient / IC 

perspective. This input was incorporated 

into the discussions of the papers.

Involve / consult

Disseminate

PPP-project Accessible to general public Presentation of R. Cummins (expert by 

experience, panel coordinator) with W. 

Cahn (researcher) about the PPP project 

at the public symposium ‘brain disease; 

can data save your live?’ of UMC Utrecht 

and New Scientist at Tivoli Vredenburg, 

Utrecht in January 2020.

Collaborate (R. Cummins)/ 

Inform (general public)

Stakeholder 

perspectives on 

recovery (4)

Accessible to general public Presentation of V. van Dee at public 

lecture ‘Lifestyle psychiatry’ in UMC 

Utrecht, June 2022. Presentation of 

preliminary results to collect input of the 

public about the interpretation.

Inform / consult

PPP-project &

Man vs machine (5)

Accessible to general public Presentations of V. van Dee (researcher) 

and M. Kia (researcher) at public 

symposium ‘Outcome prediction in 

Psychosis’ in collaboration with other 

research groups, UMC Utrecht, September 

2024.

Inform

Act

PPP-project Expert by experience panel Coming: design of the psychosis 

prognosis prediction application

Collaborate / Involve Coming: testing of the psychosis 

prognosis prediction application

* Steps in the Participatory Action Research (PAR) process49. Partner = develop, build and evaluate a 

research partnership, design = develop research questions and plan design, collect = data collection, 

analyze = data analysis and interpretation, disseminate = tell, show and disseminate research �ndings, 

act = enacting change, policy-level outcomes.

** Levels of participation based on Spectrum of Public Participation ©, International association for 

public participation. Inform: information is provided to patient/public, consult: input is obtained from 

the patient/public, involve: researchers work directly with the patient/public, collaborate: patient/public 

is partner in the research process, empower: patient/public leads research decision making.
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ABSTRACT

Background: Schizophrenia spectrum disorders (SSD) have heterogeneous outcomes. If we 

could predict individual outcome and identify predictors of outcome, we could personalize 

and optimize treatment and care. Recent research showed that recovery rates tend to 

stabilize early in the course of disease. Short- to medium- term treatment goals are most 

relevant for clinical practice.

Methods: We performed a systematic review and meta-analysis to identify predictors of 

outcome �1 year in prospective studies of patients with SSD. For our meta-analysis risk of 

bias was assessed with the QUIPS tool.

Results: 178 studies were included for analysis. Our systematic review and meta-analysis 

showed that the chance of symptomatic remission was lower in males, and in patients 

with longer duration of untreated psychosis, more symptoms, worse global functioning, 

more previous hospital admissions and worse treatment adherence. The chance of 

readmission was higher for patients with more previous admissions. The chance of 

functional improvement was lower in patients with worse functioning at baseline. For 

other proposed predictors of outcome, like age at onset and depressive symptoms, limited 

to no evidence was found.

Discussion: This study illuminates predictors of outcome of SSD. Level of functioning at 

baseline was the best predictor of all investigated outcomes. Furthermore, we found no 

evidence for many predictors proposed in original research. Possible reasons for this 

include the lack of prospective research, between-study heterogeneity and incomplete 

reporting. We therefore recommend open access to datasets and analysis scripts, enabling 

other researchers to reanalyze and pool the data.
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INTRODUCTION

Psychotic disorders have heterogeneous outcomes, some patients make a full recovery 

while others continue to experience severe symptoms and impairment. However, currently 

we are unable to predict the outcome for individual patients. If we could predict individual 

outcome and identify (modi�able) predictors of psychosis, we could personalize and 

optimize treatment and care.

Symptomatic remission, functional improvement and personal recovery are seen as 

di�erent outcomes for schizophrenia spectrum disorders. Symptomatic remission is de�ned 

as an absent to mild symptom intensity level, where these symptoms do not in�uence 

an individual’s behavior.17 Schizophrenia spectrum disorders are o�ten accompanied by 

impairment on various aspects of individual, social and societal functioning. Although 

the importance of functional recovery has been acknowledged by patients, their loved 

ones and health care professionals for many years, there is no consensus about criteria 

for functional recovery. 61 Personal recovery is about having a personally meaningful and 

contributory life and identities that are beyond patienthood. 19 It represents a process rather 

than an outcome, containing elements of connectedness, hope and optimism, identity, 

meaning and empowerment.62

How and to what extent symptomatic remission, functional improvement and personal 

recovery are related to each other is still a subject for research. Symptomatic remission is 

associated with a higher level of functioning, but is no guarantee of an adequate level of 

function or quality of life. 21 In a study examining individuals who achieved both symptomatic 

and functional recovery, 25% of those individuals did not achieve adequate personal 

recovery.22 On the other hand, criteria for either symptomatic or functional recovery were 

not met in 8% of individuals who reported adequate personal recovery. 22 For personal 

recovery, there is only a small to moderate negative correlation with symptom severity and 

a small to moderate correlation with functional recovery. 63 The small correlations between 

di�erent outcome domains support separate predictor analysis for each outcome.

Many studies have attempted to identify predictors of outcome in schizophrenia spectrum 

disorders. The following predictors of symptomatic remission have been identi�ed by a 

review of Lambert et al (2010): better premorbid adjustment, better functioning at baseline, 

lower psychopathology or illness severity at baseline, shorter duration of untreated 

psychosis (DUP), early improvement in symptoms and functioning during treatment and 

medication adherence.21 As possible predictors of symptomatic remission female gender 

and no substance abuse at baseline were identi�ed. 21
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For symptomatic relapse, a systematic review and meta-analysis by Alvarez-Jimenez et 

al. (2012) showed a 2-4 fold increase in relapse rate in patients with poorer premorbid 

adjustment, medication non-adherence, persistent substance use disorder and a family 

environment with high expressed emotion. 64 Relapse rates were hardly in�uenced by 

clinical and demographic variables. 64 Prior hospitalization was one of the strongest 

predictors of future hospitalization. 65

For functional improvement, a systematic review and meta-analysis by Santesteban-Echarri 

et al. (2017) showed that better functioning over time was predicted by shorter DUP, shorter 

duration of untreated illness, better cognitive function and less positive and negative 

symptoms.66 Functional outcome was hardly in�uenced by general sociodemographic, 

clinical and physical variables. 66 However, there is increasing evidence that for the various 

domains of functional improvement, the strength of the associated variables di�ers. For 

example, cognitive function appears to be an important predictor of independent living 

and vocational functioning. Nevertheless, cognition is not an important predictor of social 

functioning de�ned as interpersonal functioning (e.g.�initiating, accepting and maintaining 

social contacts, e�ectively communicating), 67 while negative symptoms are.68 For personal 

recovery, predictors are self-esteem, hope, negative symptoms and a�ective symptoms. 69, 70

The previously identi�ed predictors should be interpreted with care because the study 

designs and results di�er signi�cantly. Some studies investigated the same outcome but 

investigated di�erent predictors or chose di�erent durations of follow-up. Some studies 

found di�erent strengths of the association between predictors and outcomes and other 

studies even reported contradictory directions of the association between predictors and 

outcomes. Finally, various studies examined cross-sectional data.

In order to obtain more consistent results for predictors of outcome in schizophrenia 

spectrum disorders and to minimize the risk of recall bias, this review included only 

studies with a prospective study design. We focused on a duration of follow-up up to 

one year because a recent meta-analysis on long-term outcome showed that recovery 

rates tend to stabilize early in the course of disease suggesting that the poor outcome 

trajectory is already apparent during the early stages of illness, and because short- to 

medium term treatment goals are most relevant for clinical practice. 30 Because previous 

literature showed di�erent predictors for di�erent outcomes, we prede�ned the most 

important and best de�ned outcomes of psychotic disorders (symptomatic remission, 

symptomatic relapse, functional improvement and personal recovery) and reviewed all 

possible predictors for each of these outcomes. Meta-analysis on predictors of outcomes 

is performed when enough data is available, otherwise the association is investigated by 

frequency counts.
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This systematic review and meta-analysis will provide an up-to-date overview of all 

available evidence from prospective research on predictors of prede�ned outcome 

measures of psychotic disorders.

METHODS

Protocol and registration

The study was registered with PROSPERO (CRD42020162331) and conducted in accordance 

with PRISMA guidelines (supplement 1).

Data sources and study selection process

Search

We searched the PubMed, Embase, Cochrane and PsycINFO databases with the search 

terms ‘psychotic disorders’, ‘predictor’ and ‘outcome’ and their synonyms, to identify 

relevant literature from their interception dates to September 23, 2022 (supplement 2).

Inclusion and exclusion criteria

We included studies that prospectively investigated a possible predictor of any outcome 

for psychotic disorders. We excluded case reports and case series with 20 or fewer 

included patients because of high risks of selection and publication bias, reduced chance 

of �nding a true e�ect and reduced likelihood that a signi�cant result re�ects a true 

e�ect. 71 We included only studies where at least 75% of patients had a primary psychotic 

disorder (schizophreniform, schizoa�ective, schizophrenia disorders, otherwise speci�ed 

schizophrenia spectrum disorders and not otherwise speci�ed schizophrenia spectrum 

disorders), because of presumptive evidence for di�erences in prognosis between 

disorders with psychotic symptoms. We excluded studies with a mean duration of follow-

up �14 months. We did not investigate treatment interventions as predictors of outcome 

because systematic reviews and meta-analysis on these topics are already available.72, 73

Study selection

We reviewed all search results by applying the inclusion and exclusion criteria (�gure 

1). For the primary search performed on July 2019, one author (VvD) screened all the 

abstracts and selected the relevant studies. Any doubts about the article selection were 

resolved in consensus meetings with the three authors. In September 2022 a search update 

was performed. To increase e�ciency and quality of screening we used the open-source 

active-learning tool ASReview (www.asreview.nl, version 1.03) for priority screening. We 

provided ASReview with the studies (n = 11,377) labeled relevant and irrelevant from the 

original search as training data. Using these training data, ASReview learned to prioritize 
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the yielded records of our search update automatically. ASReview presents the record that 

the machine deems most likely to be relevant �rst. One author (VvD) indicated whether 

the presented paper was relevant or irrelevant, and the algorithm used this information 

to retrain. In this way the machine kept learning from every new input. Again, any doubts 

about the article selection were resolved in consensus meetings with the three authors. 

At a certain point in the active learning process, mostly irrelevant studies remain. We 

used a combination of two predetermined stopping criterions to decide when to stop 

the screening process. The �rst was based on the results of our primary search, and 

used the observed fraction of relevant papers to extrapolate an estimate of relevant 

papers for the complete set (15,101 papers in complete set * (473/(10,904 irrelevant papers 

primary search + 473 relevant papers primary search) = 628 estimated relevant papers).74 

Second, to avoid screening too many irrelevant papers in case this calculation resulted in 

a gross overestimation of relevant papers, we predetermined to stop screening when 300 

consecutive reviewed papers were considered irrelevant. We chose 300 as a safe choice, 

whereas in literature o�ten 50 or 100 is used. 75

Assessment of outcome

From the literature we identi�ed four categories of outcome: symptomatic remission, 

relapse, functional improvement and personal recovery.

We de�ned symptomatic remission according to the consensus criteria of the Remission in 

Schizophrenia Working Group (RSWG).17 The RSWG consensus criteria consist of symptom 

criteria and a time criterion of sustained remission during 6 months. Besides studies using 

the RSWG consensus criteria in total, we also included studies using only the symptom 

criteria but not the time criterion of sustained remission during 6 months, because many 

studies had a duration of follow-up of less than six months.

We de�ned relapse as (re)admission to a psychiatric hospital because this de�nition is 

most commonly used and consensus on other relapse criteria is lacking. 76

As an outcome measure for global functional improvement, we used the Global Assessment 

of Functioning (GAF) scale. We included studies using the traditional GAF scale, as well 

as studies using the Global Assessment Scale (GAS),77 Children’s Global Assessment of 

Functioning Scale (cGAS)78 or the Modi�ed Global Assessment of Functioning Scale (mGAF).79 

For further analysis, we subdivided functional outcome into vocational outcome, social 

outcome and independent living, as proposed and executed in previous literature. 80 Because 

there is no consensus on the de�nition of functional improvement and on what tool should 

be used to assess functional improvement all de�nitions and outcome assessment tools 

for functional improvement as reported by the included studies were used in our analysis.
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Personal recovery is subjective by de�nition. There is no consensus on the de�nition of 

personal recovery and on which instruments should be used to measure it. Therefore, 

all de�nitions and outcome assessment tools for personal recovery as reported by the 

included studies were used in our analysis.

Assessment of possible predictor variables

We analyzed all variables investigated as predictors in the included articles. Only 

variables investigated twice or more in relation to an investigated outcome measure 

are reported. Variables measured only ones in relation to an investigated outcome are 

listed in supplement 10.

For some possible predictors of prognosis, there is no consensus on de�nition and/

or type of measurement. For example, there are various operational criteria to de�ne 

‘�rst episode psychosis’ and ‘duration of illness’. 81, 82 To create a complete overview of 

all available information regarding the relation between a predictor and a domain of 

outcome, for data extraction for this review and meta-analysis we used the de�nition 

as applied by the authors of the included studies.

Quality of evidence

We assessed the quality of the studies used in our meta-analysis with the QUIPS 

(Quality In Prognosis Studies) checklist.83, 84. The QUIPS checklist covers six areas of 

potential study bias: study participation; study attrition; prognostic factor measurement; 

outcome measurement; confounding measurement and account and analysis. For our 

meta-analysis we extracted raw baseline and outcome data, and therefore risk of bias 

concerning confounding and analysis in the original study was deemed not relevant for 

the quality of our evidence. Quality assessment was performed by one author (VvD).

Data extraction

We created a standardized data extraction form containing 45 �elds (supplement 3). The 

extracted data consist of general study information, characteristics of study population, 

methodological characteristics and results on the associations between investigated 

variables and outcome measures. The most frequently investigated variables (23 selected 

variables a�ter data-extraction of the �rst 20 studies) were implemented in the form, 

other associations were reported in the �elds ‘other signi�cant predictors’ and ‘other 

non-signi�cant predictors’. All available information on the association between variable 

and outcome was extracted: (i)�the e�ect size of the association,�(ii) the direction, (iii) 

the statistical signi�cance.
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Extraction of raw data from all studies was performed by one author (VvD). When the author 

was uncertain about the interpretation of the results a second author (HS) was consulted. 

In consensus meetings, we settled minor di�erences in judgement. Data extraction of the 

articles selected for our meta-analysis was checked by a second author (HS). There were, 

apart from typing errors, no di�erences in judgement. Because of the few minor typing 

errors in data-extraction of the articles selected for meta-analysis by the check of the 

second author, data-extraction for the systematic review has been double checked by 

the �rst author.

Data analysis

Meta-analysis

For our meta-analysis we calculated the e�ect size from the original data. The associations 

between a speci�c variable and outcome were investigated by meta-analysis when at 

least 5 included studies provided enough data to calculate the e�ect size. Unfortunately, 

su�cient information to do so was only available for the outcome measure ‘symptomatic 

remission’ de�ned by RSWG consensus criteria and some variables. For the other 

outcomes and variables heterogeneous de�nitions were used or original data were not 

available.

For the study results with available e�ect sizes a pooled e�ect size was calculated using 

a random e�ect model. For dichotomous outcomes we reported odds ratios and for 

continuous outcomes Cohen’s d values. We performed subanalyses for studies reporting 

on �rst episode psychosis (FEP) patients only, and for studies reporting on mixed FEP/non 

FEP patients. We used R version 4.0.3 (2020-10-10), library ‘meta’ package (version 4.18-0); 

scripts available at https://github.com/patterns-in-psychiatry/Systematic-Review-and-

Meta-analysis-psychosis-prognosis-predictor

Systematic review

For our systematic review on symptomatic remission, relapse and functional improvement 

we report frequency counts based on the direction of e�ects for the relationship between 

investigated variables and outcome measures. Our search yielded only 2 studies about 

predictors of personal recovery in people with schizophrenia spectrum disorders, both 

measuring a di�erent aspect of personal recovery as outcome. 19, 85 Therefore, we were not 

able to analyze predictors of personal recovery in this systematic review.

Results from all statistical methods used in the included studies were considered as 

equally important for this review. First, we divided associations for each article into 

signi�cant positive or negative associations (p < 0.05), non-signi�cant associations (p � 

0.05) and inconclusive results. We considered an association inconclusive when various 



37

ways of measurement of the variable or various statistical methods mentioned in the 

original article yielded con�icting results regarding the association. We also considered 

an association inconclusive when articles using the same dataset reported con�icting 

results regarding the association.

Second, we counted for each variable-outcome combination how many articles reported a 

signi�cant positive (assigned a score of + 1) or negative (- 1) association, a non-signi�cant 

association (0) or an inconclusive result (+ 0.5 or - 0.5 depending on the direction of the 

e�ect). The sum-score divided by the total number of articles yielded a score between 

- 1 and 1 which was used to determine the direction and robustness of the association. 

Association scores � - 0.5 or � 0.5 were labeled as strong negative or positive associations, 

respectively. An association score � - 0.33 but > - 0.5 was labeled as a negative association, 

and an association score � 0.33 but < 0.5 as a positive association. Association scores > - 

0.33 but < 0.33 were labeled as non-signi�cant (ns).

Overlapping datasets

When articles with overlapping patient populations reported on the same variable and 

outcome, we used the results of the article with the largest study population and/or 

longest duration of follow-up for our analysis.

RESULTS

The literature search yielded 28,379 studies, of which 17,845 remained a�ter we removed 

duplicates. A�ter screening the title and abstract on inclusion and exclusion criteria 2465 

studies remained of which 627 studies remained a�ter screening on full-text.

For this review we only analyzed the results of studies that reported on at least one of 

the predetermined outcomes of interest. Of the 627 selected studies, 178 studies met 

this criterion. Of these 178 studies, 42 reported on symptomatic remission according to 

the criteria of the RSWG 17, 29 on readmission, 38 on global functioning measured by GAF 

scale, 42 on social functioning, 53 on vocational functioning, 16 on independent living and 

2 on personal recovery. As mentioned before, we were not able to analyze predictors of 

personal recovery, because our search yielded only 2 studies measuring di�erent aspects 

of personal recovery. In the supplementary material we present the references of the 178 

articles (supplement 4), their characteristics (supplement 5) and the characteristics of 

these studies per outcome domain (supplement 6).
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Figure 1. Study Attri tion Diagram  
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Figure 1. Study Attrition Diagram

Predictors of symptomatic remission by meta-analysis

In the 48 studies on symptomatic remission, we searched for studies that provided enough 

data on the association between a variable and symptomatic remission to calculate and 

compare e�ect sizes. This data was available for 13 variables. For these 13 variables we 

pooled study results in a random e�ects model and determined the direction and strength 

of the associations. Pooled e�ect sizes with subanalysis for FEP are displayed in table 

1. Forest plots for the association between each variable and symptomatic remission 

are presented in supplement 7. Male sex, longer duration of untreated psychosis, higher 

symptom scores and worse global functioning at baseline were all signi�cantly associated 
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with lower chances on symptomatic remission at follow-up. Results are presented in table 

1. When analyzing studies including FEP patients only the association between positive 

symptoms and CGI-S scores at baseline with symptomatic remission were not signi�cant 

anymore.

The quality of evidence of the 30 studies that provided enough information on one or more 

of the selected variables for meta-analysis was evaluated by the QUIPS tool (supplement 

8). Many articles (67%) lacked an adequate report of the sample recruitment which is a 

risk factor for selection bias. Information about participants lost to follow-up was o�ten 

incomplete (58%) which is a risk factor for attrition bias. The description of measurements 

of possible predictors and outcome was in most studies concise but su�cient.

Table 1. Associations between predictor variables and symptomatic remission according to RSWG 17
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OR OR

Sex (male) 26 4095 0.73 [0.64; 0.84] 14 1685 0.71 [0.58; 0.89]

Cohen’s d Cohen’s d

Age 26 4019 -0.05 [-0.16; 0.06] 14 1787 0.05 [-0.13;0,22]

Duration of illness 8 697 -0.27 [-0.53; 0.00] 1 45 -0.04 [-0.63; 0.55]

Age at onset 10 1663 0.11 [-0.03; 0.26] 5 731 0.19 [-0.01; 0.40]

DUP 5 748 -0.30 [-0.55; -0.04] 5 748 -0.30 [-0.55; -0.04]

Years of education 8 654 0.09 [-0.20; 0.38] 6 514 0.09 [-0.27; 0.45]

Depressive symptoms 8 1192 -0.16 [-0.35; 0.03] 5 1034 -0.18 [-0.43; 0.07]

Positive symptoms 24 3084 -0.28 [-0.44; -0.13] 15 1724 -0.15 [-0.33; 0.03]

Negative symptoms 24 3084 -0.56 [-0.69; -0.44] 15 1724 -0.50 [-0.64; -0.36]

General symptoms 14 2145 -0.43 [-0.66; -0.20] 10 1500 -0.42 [-0.71; -0.13]

Total symptoms 14 2103 -0.43 [-0.62; -0.23] 8 1278 -0.34 [-0.57; -0.11]

CGI-S 6 1542 -0.37 [-0.57; -0.17] 1 111 -0.18 [-0.56; 0.20]

GAF 6 1017 0.53 [0.28; 0.78] 2 366 0.28 [0.07; 0.49]

Abbreviations: DUP = duration of untreated psychosis, CGI-S = clinical global impression – severity 

scale, GAF = global assessment of functioning scale.

* E�ect sizes are odds ratios for binary outcome variables and Cohen’s d values for continuous 

outcome variables. For variables that are signi�cantly associated with symptomatic remission 

according to the RSWG, e�ect sizes are displayed in bold.
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Predictors of outcome by frequency counts

An overview of the results of frequency counts for each domain is presented in table 2. 

More detailed information about the frequency counts for each domain is presented in 

supplement 9.

Predictors of symptomatic remission

We analyzed the results of 48 studies reporting on 10,291 patients, that investigated 

possible predictors of symptomatic remission according to the RSWG criteria.17 These 48 

studies reported on 42 unique datasets (39 studies used unique datasets, 4 studies used 

one dataset, 3 studies used a second dataset and 2 studies used a third dataset).

Higher chances on symptomatic remission were strongly predicted by less comorbidity, 

shorter DUP, better premorbid adjustment, living independently, better global functioning, 

having a �rst episode psychosis, being in symptomatic remission at baseline, less 

symptoms, better insight and lower CGI-severity score. Lower chances on symptomatic 

remission were predicted by a history of childhood trauma.

Predictors of relapse de�ned as (re)admission

We analyzed the results of 29 studies reporting on 10,289 patients. A single study reported 

results of analysis on 2 separate study populations, which are considered as 2 studies for 

this review.

Higher chances on readmission were strongly predicted by more previous hospitalizations, 

worse treatment adherence and more depressive symptoms at baseline.

Predictors of functional improvement

Functional improvement: global functioning measured by GAF scale

We analyzed the results of 40 studies, reporting on 5074 patients. The 40 studies reported 

on 38 unique datasets (2 studies reported on one dataset and 2 other studies on another 

dataset). A higher GAF score was strongly predicted by having an ethnic minority background, 

better premorbid adjustment, a higher GAF score, worse neurocognitive functioning and 

better treatment adherence at baseline.

Functional improvement: social functioning

We analyzed the results of 42 studies, reporting on 4562 patients. Better social functioning 

was strongly predicted by a shorter duration of �rst hospitalization, better premorbid 

adjustment, better social functioning, independent living, less general symptoms, better 

insight and better perception of emotions at baseline.
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Table 2. Predictors by frequency counts
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Sex (male) ns ns ns ns ns ns

Age ns ns ns ns ns ns

Ethnicity (ethnic majority background)* ns ns 

 ns ns

Positive family history for mental illness ns

History of childhood trauma ��

Medical history

Concomitant (somatic and/or psychiatric) diseases ��

Age �rst psychosis ns ns ns � ns

Age at start �rst antipsychotic treatment ns

Age at �rst hospitalization ns

Duration of illness ns � ns ns �

Duration of untreated psychosis �� � ns � ns ns

Number of previous hospitalizations � �� ns ns

Duration of �rst hospitalization ��

Duration of last hospitalization ns

Total months of hospitalization ��

Functioning

Better premorbid adjustment �� ns �� �� ns

Having friends ns

Having a partner/ being married (y/n) ns ns ns ns ns

Social functioning at baseline ��

Household emotional expression/disturbed family 

interaction

� � �

Independent living (y/n) �� ns �� � ��

Parental level of education ns

Higher IQ ns ns ns ns

Years of education ns ns ns ns ns ns

Working/studying (y/n) ns � � �� ��
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Table 2. Continued

Variable
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Motivation for work ��

Preceding stressors ns

Global Assessment of Functioning (GAF) score � � �� ns ns

GAF lowest previous year ��

Social and Occupational Functioning Assessment 

Scale (SOFAS)

��

Disability Assessment Schedule (DAS) ns

Quality of Life scale �

Current medical situation

Substance abuse ns � ns ns

BMI ns

First episode psychosis (y/n) ��

Hospitalization (y/n) ns

Clinical Global Impression Scale -Severity (CGI-S) 



Subjective Well-being under Neuroleptics Scale 

(SWN)

��

Treatment adherence � �� �� ns

Symptoms

Negative symptoms �� � ns ns ns ��

Positive symptoms � ns ns ns ns ns

General symptoms 
 �� ns

Total symptoms 

 ns ns ��

Depressive symptoms ns �� ns ns ns

Symptomatic remission at baseline ��

PANSS excitement Dimension ns

PANSS disorganized Dimension 



PANSS cognitive Dimension 


Insight �� ns ns ��
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Table 2. Continued

Variable
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Diagnosis (schizophrenia vs other) 
 ns

Schizophrenia subtype (paranoid vs other) �

Neurocognitive functioning

Verbal learning and Memory ns ns ns ns

Attention � � �� ��

Processing speed � � ns ��

Working memory/executive functioning ns ns � � ns

Abstract reasoning �� ��

Composite score ns 

 ns � ��

Verbal �uency ns

Social cognition ns ��

Perception of emotions ��

Self-stigma 



�(�) presence or higher score on variable is (strongly) associated with higher chance on outcome. 

�(�) presence or higher score on variable is (strongly) associated with lower chance on outcome. 

ns = not signi�cant: �67% of analyzed studies showed no signi�cant association between variable 

and outcome. Empty cell: association between variable and outcome is �1 times investigated in 

included studies. Only variables investigated in relation to >1 outcome are displayed here.

* The term ‘ethnic majority background’ is used to refer to participants identi�ed in the original 

studies as white or native, while acknowledging the social construction, variability, and limitations 

of such classi�cations.

Functional improvement: vocational outcome

We analyzed the results of 53 studies, reporting on 6851 patients. These 53 studies reported 

on 51 unique datasets (3 studies used the same dataset). From these studies, 20 investigated 

having work or studying at or during follow-up as a dichotomous outcome, while 31 other 

studies investigated vocational functioning as a categorical or continuous outcome. Better 

vocational functioning was strongly predicted by total months of hospitalization, working/

studying and motivation for work, total symptom scores, better neurocognitive functioning 

(attention and abstract reasoning) and less self-stigma at baseline.



44

Functional improvement: independent living

We analyzed the results of 16 studies reporting on 1991 patients. These 16 studies reported 

on 14 unique datasets (12 studies used unique datasets, 2 studies used one dataset and 2 

other studies used another dataset). Better independent living was strongly predicted by 

independent living, working/studying, less negative symptoms and better neurocognitive 

functioning (attention, processing speed, abstract reasoning and composite score) and 

better social cognition at baseline.

DISCUSSION

This current meta-analysis and review studied comprehensively examined predictors 

of up to one year outcome of patients with schizophrenia spectrum disorders. In our 

meta-analyses we included 48 studies and analyzed 13 variables as possible predictors of 

symptomatic remission. In our systematic review we analyzed predictors of symptomatic 

remission (48 studies, 10,291 patients), relapse (29 studies, 10,289 patients), global 

functioning (40 studies, 5074 patients), social functioning (42 studies, 4562 patients), 

vocational outcome (53 studies, 6851 patients). We were able to include more studies 

reporting on many more patients than previously published systematic reviews and meta-

analysis about these topics, even though we restricted our inclusion criteria to studies with 

a prospective study design in order to obtain more consistent results. This meta-analysis 

and review provides an up-to-date overview of all available evidence from prospective 

research on predictors of prede�ned outcome measures of psychotic disorders.

For all investigated outcomes, level of functioning at baseline was the best predictor of 

outcome. We did not �nd evidence for many other frequently investigated and proposed 

predictors of outcome in original research.

Results of meta-analysis on predictors of symptomatic remission

Our prospective meta-analysis showed that symptomatic remission was predicted by 

female sex, shorter DUP, less symptoms (positive-, negative-, general- and total symptoms 

and lower CGI-severity score) and higher GAF-score at baseline. To our knowledge our study 

is the �rst meta-analysis on short- to medium- term predictors of symptomatic remission. 

The results of our meta-analysis are in line with the results of a smaller review without 

meta-analysis by Lambert et al., examining 12 prospective studies with a follow-up duration 

of 12-36 months.21 In addition to our �ndings, that study identi�ed early symptomatic 

and functional improvement and lack of substance abuse or remitted substance use 

at baseline as predictors of symptomatic remission. We were unable to examine early 

improvement as predictor due to insu�cient data.
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Results of systematic review

Symptomatic remission

Our systematic review showed that symptomatic remission was strongly predicted by the 

absence of a history of childhood trauma, less comorbidity, shorter DUP, higher level of 

functioning, �rst episode psychosis, less severe symptoms and less previous admissions at 

baseline. In contrast to results of the meta-analysis by Lambert et al., we found no signi�cant 

association between substance abuse at baseline and symptomatic remission. A possible 

explanation might be the di�erences in follow-up period and in- and outpatient ratio.

Relapse de�ned as readmission

Our study showed that readmission was most strongly predicted by a higher number of 

previous hospitalizations, more depressive symptoms and worse treatment adherence at 

baseline. These �ndings are consistent with previous research. 65, 86, 87

Functional improvement

Our study showed that better global functioning by GAF scale was strongly predicted by 

having an ethnic minority background, better premorbid adjustment, higher GAF score, worse 

neurocognitive functioning and better treatment adherence at baseline. These �ndings are 

in line with a previous systematic review and meta-analysis on prospective predictors of 

functional improvement (measured by GAF, SOFAS and GAS).66 While Santesteban-Echarri et 

al. also identi�ed female sex, education and positive and negative symptoms as predictors 

of global functioning, these variables could not be con�rmed as predictors based on our 

results. This might be explained by di�erences in study population as Santesteban-Echarri et 

al. focused on predictors of long-term prognosis (up to 12 years) in patients with �rst episode 

psychosis including a�ective and non-a�ective disease. Contrary to the conclusion of the 

meta-analysis of Immonen et al. we found no evidence for age at onset as a predictor of 

improvement in global and social functioning. 88

Our study shows that recovery on the subdomains of functional improvement (social 

functioning, vocational functioning and independent living), is most strongly predicted by the 

level of functioning in general and in that speci�c subdomain at baseline. In addition, better 

social functioning was strongly predicted by shorter duration of �rst hospitalization, better 

premorbid adjustment, better insight into illness and lower general symptom scores. The 

association between negative symptoms and social functioning as found by previous research 

could not be con�rmed by our results. 68. Vocational functioning was also strongly predicted 

by total months of hospitalization, total symptom scores, better neurocognitive function and 

less self-stigma at baseline. Independent living was also strongly predicted by less negative 

symptoms, better neurocognitive functioning and better social cognition at baseline.
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Research gaps

Our research identi�ed several research gaps. First, only a limited number of studies 

for each outcome met inclusion criteria, despite our broad literature search. We 

were not able to investigate predictors of personal recovery at all because of lack of 

available studies that met inclusion criteria on this topic. Second, the selected studies 

are heterogeneous in study design, study populations, statistical methods used and 

de�nition and measurement of predictors and outcome, which limited the possibilities 

to pool and compare the data. Third, raw data and original test statistics were o�ten 

unavailable, therefore many predictors of outcome could only be investigated by 

frequency counts. Fourth, several groups of variables, including genetics, blood-derived 

variables and neuroimaging, are extensively investigated in relation to outcome of 

schizophrenia spectrum disorders, but could not be analyzed because most studies were 

not prospective and/or highly heterogeneous with respect to the investigated predictors. 

Fi�th, the classical analysis methods used in the included studies may not be optimal to 

predict prognosis. It is, for example, unclear which of the predictors identi�ed by these 

analyses could be combined to improve predictive power, and how this should be done. 

In addition, it is unclear whether the group-level di�erences found with these analyses 

can be used to generate predictions for individuals. 89

Clinical implications

We conclude that level of functioning at baseline is the most important predictor 

for each investigated outcome. Therefore, to improve prognosis we should focus on 

prevention, early detection and intervention to prevent or minimize functional decline. 

A lack of early treatment in psychosis yields a longer DUP which is an independent 

predictor for prognosis. 90 Traditionally, psychiatry provides reactive health care. A patient 

comes to psychiatric services when the condition is already (sub)chronical and o�ten is 

marked by comorbidity, complications and impaired levels of functioning. These are all 

predictors for less e�ect of treatment and poorer outcome. To improve outcome in the 

asymptomatic risk phase, focus should be on the modi�able factors that are related to 

the development of psychosis, such as harmful parenting styles, 91, 92 cannabis use93 and 

trauma.94, 95 Public health interventions are important to decrease the risk of development 

of psychotic disorders in this stage. 96 A second opportunity to prevent psychosis is 

by detecting and intervening in the prodromal phase, characterized by a decline in 

cognitive and social functioning, which o�ten precedes the onset of psychotic symptoms 

by > 10 years. A more speci�c part of the prodromal phase is the Clinical High Risk for 

Psychosis (CHR-P) state, characterized by psychotic symptoms and/or a family history 

of psychosis.97 98 The CHR-P state is a potent predictor of development of psychosis. 

A meta-analysis showed a conversion rate to psychosis of 22% by 1 year and 36% in 3 

years.99 Interventions to prevent or delay transition to psychosis in CHR-P individuals, 
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such as cognitive behavioral therapy and omega-3 fatty acids, are promising. 98 Even if 

interventions could only postpone psychosis by a few years, this extra time would enable 

young adults to �nish their education and acquire life skills improving their overall 

prognosis.96 Once a psychotic episode has manifested, prognosis might be improved by 

treatment by early intervention services speci�cally designed to meet the needs of patients 

with early-phase psychosis.100

Still, o�ten it is not possible to prevent psychosis or predict the individual prognosis of 

a patient once psychosis has manifested. Moreover, it is unclear which treatment works 

for who. With ML techniques the predictors identi�ed in the current study may be used 

to build a tool to predict short- to medium-term prognosis of psychotic illness. Such a 

prediction tool, available for both patients and caregivers provides insight into (modi�able) 

predictors of psychosis and makes it possible to personalize and optimize treatment and 

care. This will support shared decision-making. ML techniques may be more suitable to 

detect (sets of) predictors of outcome, because of (i) the multivariate nature of variables 

associated with outcome and the ability of ML techniques to learn nonlinear relationships 

and interactions between variables, (ii) the inherent (cross)validation design, and (iii) 

the possibility to generate individual predictions. However, simply applying complex 

statistical methods does not guarantee better results. 33 The use of ML techniques requires 

a su�ciently large sample size to avoid chance �ndings and to account for heterogeneity 

within and between datasets.101-103 Several outcome prediction studies employing ML have 

been recently published, both for short-term outcome 89 and long-term outcome. 104

Strengths and limitations

To our knowledge this is the �rst meta-analysis and systematic review investigating 

predictors of short- to medium- term outcomes of psychotic disorders including prospective 

studies only. The study provides an up-to-date overview of the enormous amount of 

available research on this topic. Our study con�rms some of the previously identi�ed 

predictors, but also shows that for many other proposed predictors in original research 

evidence is lacking. As discussed above, several research gaps have been identi�ed which 

enabled us to provide recommendations for future research.

Due to the extensive number of studies published on this research topic it was not possible 

for us to run each step in the study selection, data-extraction and quality assessment of 

studies by two authors. Because of the lack of consensus in literature about de�nitions of 

our investigated outcomes, we used broad de�nitions for social functioning, independent 

living and personal recovery. A narrower de�nition might have showed more consistent 

(but possibly statistically non-signi�cant) �ndings, but it could also have led to losing 

valuable information about possible associations.
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Despite the many studies identi�ed by our search, for most variables and outcomes there 

was not enough data to perform a meta-analysis. By using raw, univariate data in the meta-

analysis possible confounders are not taken into account. To summarize the large amount 

of heterogeneous and o�ten limited information from the studies in our systematic review 

we used the method of frequency counts based on the direction of e�ect. This is a crude 

method that provides no information on the magnitude of e�ect and does not account 

for di�erences in the relative sizes of the studies. 105 The method we created to calculate a 

sum-score in order to determine the overall direction and robustness of the association 

could be criticized as being subjective.

CONCLUSION

In this prospective systematic review and meta-analysis, we examined predictors of 

symptomatic and functional outcome. We found that level of functioning at baseline 

is the most important predictor for each investigated outcome. Therefore, to improve 

prognosis we should focus on prevention, early detection and intervention to prevent or 

minimize functional decline.

For future research on this topic, we recommend prospective study designs and using 

state-of-the-art analysis methods (such as ML) to investigate whether the predictors found 

at group level can be used to build prognosis prediction tools to personalize and optimize 

treatment and care for individual patients. Furthermore, published reports of these studies 

should provide all the necessary data and results, as well as open access to datasets and 

analysis scripts, to enable other researchers to use and pool the data. Only then, with 

shared e�ort, personalized psychosis prognosis prediction can become reality.
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SUPPLEMENTARY MATERIAL

Supplements 1-3, 6, 8 and 10 are available online, through the website of the publisher: 

https://www.sciencedirect.com/science/article/pii/S0920996423000762
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Supplement 5. Characteristics of included studies for analysis
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1 Abdullah-Koolmees 2018 34 NA NA SCZ no 6 read

2 Addington 2004 200 25 68 spectrum yes 12 soc

3 Addington 2007 194 25 70 spectrum yes 12 soc

4 Agid 2013 94 37 68 spectrum no 6 GAF

5 Aguilar 1997 65 27 52 spectrum yes 12 GAF

6 Ahmed 2016 78 41 64 spectrum no 12 read

7 Allot 2013 115 20 67 spectrum yes 6 voc

8 Andreou 2013 69 NA NA spectrum no 7 RSWG

9 Andreou 2014 66 NA NA spectrum no 7 voc

10 Ascher-Svanum 2013 1064 39 65 SCZ no 6 read

11 Bachmann 2008 40 27 45 spectrum yes 14 GAF

12 Bailer 1993 44 NA 64 SCZ yes 6 soc

13 Bailer 1996 109 NA NA SCZ yes 6 soc

14 Baksheev 2012 41 21 81 spectrum yes 6 voc

15 Barnes 2008 98 NA NA spectrum yes 12 soc

16 Barrelet 1990 36 23 48 spectrum yes 9 read

17 Bechi 2017 26 37 57 SCZ no 6 voc

18 Bell 1986 25 NA NA SCZ yes 12 soc

19 Berger 2018 56 37 61 SCZ yes 1,5 & 3 RSWG, GAF

20 Berry 2014 263 NA NA spectrum no 12 GAF

21 Berry 2018 51 26 59 spectrum yes 5 soc, voc

22 Bo 2017 374 33 46 SCZ no 12 RSWG

23 Boter 2009 498 26 60 spectrum yes 12 RSWG

24 Bottlender 2002 196 34 52 spectrum yes 2 GAF

25 Breier 1999 1097 39 68 SCZ no 1,5 read

26 Brekke 2005 100 39 68 spectrum no 12 soc, il

27 Bromet 1974 33 NA NA SCZ no 12 soc, voc

28 Bromet 1996 96 29 56 spectrum yes 6 read, GAF, voc

29 Bryson 1999 61 44 98 spectrum no 6 voc

30 Buchkremer 1991 89 NA NA SCZ no 12 read

31 Bull 2016 148 NA NA spectrum no 10 voc
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32 Carra 2007 101 30 72 SCZ no 12 read, voc

33 Cavelti 2014 133 45 65 spectrum no 12 GAF

34 Chang 2013 104 26 56 spectrum yes 12 RSWG

35 Choi 2013 123 NA NA spectrum no 6 voc

36 Chou 2013 75 42 51 SCZ no 1 RSWG

37 Coryell 1987 40 34 63 spectrum no 6 GAF

38 Coryell 1988 40 NA NA spectrum no 6 GAF

39 Cuesta 2018 77 NA NA spectrum yes 6 GAF

40 De Waal 2018 41 NA NA spectrum yes 12 voc

41 DeTore 2018 41 25 63 spectrum yes 6 & 12 voc

42 Diaz 2013 153 34 73 spectrum yes 12 RSWG

43 Dimitrakopoulos 2022 87 NA 61 spectrum yes 12 read

44 Erickson 2011 78 46 62 spectrum no 6 voc

45 Evans 2004 96 NA NA spectrum no 4 voc

46 Fong 2017 151 54 54 SCZ no 3 & 6 il

47 Foo 1988 115 40 100 SCZ no 12 voc

48 Fung 2014 39 26 46 SCZ yes 12 GAF

49 Gade 2013 131 37 60 SCZ no 3 RSWG

50 Gaebel 2014 166 32 60 SCZ yes 12 RSWG

51 Giron 2004 80 28 68 spectrum no 9 soc, voc

52 Goldman 1996 59 29 70 SCZ no 12 soc, voc

53 Goodsmith 2022 662 NA 91 spectrum no 12 soc, voc

54 Granholm 2008 65 53 74 spectrum no 12 il

55 Greenstein 2008 56 14 57 SCZ no 3 RSWG

56 Gri�ths 2021 89 24 NA spectrum yes 12 soc

57 Guaiana 2007 48 35 61 SCZ no 9 soc, il

58 Guo 2019 33 24 48 SCZ yes 4 RSWG

59 Gupta 2012 54 38 NA SCZ no 3 soc, voc

60 Harrow 1974 33 NA NA SCZ no 11 soc

61 Hayhurst 2014 260 40 68 spectrum no 12 soc, voc

62 Ho�mann 2003 53 28 70 SCZ no 14 voc
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63 Horan 2012 55 22 76 SCZ yes 12 soc, voc, il

64 Innoue 1997 29 38 67 SCZ no 9 soc

65 Ito 2015 156 31 47 spectrum yes 6 & 12 GAF, soc

66 Jäger 2009 142 35 58 spectrum no 1,5 RSWG

67 Jakubovski 2015 889 NA NA SCZ no 3 & 6 RSWG

68 Jaracz 2007 86 NA NA SCZ yes 12 soc, voc, il

69 Johnson 1971 40 41 28 SCZ no 12 read

70 Kaneda 2010 47 36 75 spectrum no 12 voc

71 Kašpárek 2011 39 24 100 SCZ yes 12 RSWG, GAF

72 Kašpárek 2009 32 24 100 SCZ yes 12 GAF

73 Kee 2003 81 NA 70 spectrum no 12 soc

74 Kelly 2009 43 44 72 spectrum no 12 RSWG

75 Kikkert 2011 119 41 57 SCZ no 12 read

76 Kim 2016 41 30 34 SCZ no 2 RSWG

77 Kim 2020 40 33 50 SCZ no 6 RSWG

78 King 1995 66 29 74 SCZ no 9 soc

79 Kinon 2010 336 NA NA spectrum no 3 soc, voc

80 Kovasznay 1997 94 28 56 spectrum no 6 GAF, voc

81 Kurtz 2005 70 28 60 spectrum no 11 soc, voc

82 Lambert 2010 519 NA NA spectrum no 12 RSWG

83 Larsen 2000 43 28 65 spectrum yes 12 GAF

84 Lasalvia 2017 444 NA 59 spectrum yes 9 GAF

85 Lee 2019 160 31 39 spectrum yes 12 soc, voc, il

86 Lenzi 2017 432 30 59 spectrum yes 9 read

87 Leucht 2014 1008 NA 66 SCZ no 1,5 RSWG

88 Lho 2019 24 22 42 spectrum yes 12 GAF

89 Li 2018 45 25 69 SCZ yes 2 RSWG

90 Lim 2016 187 38 65 spectrum no 6 RSWG

91 Lin 2012 100 37 54 SCZ no 1 RSWG

92 Lin 2018 270 39 54 SCZ no 1,5 RSWG

93 Lindenmayer 2009 582 41 68 spectrum no 2 GAF
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94 Linn 1982 151 39 NA SCZ no 12 read

95 Lipskaya-Velkovsky 2015 70 34 NA SCZ no 6 il

96 Liu-Seifert 2007 664 43 63 spectrum no 12 voc

97 Lobban 2004 102 39 NA spectrum no 6 GAF

98 Longenecker 2021 128 41 NA spectrum no 1,5 soc, il

99 Lysaker 2010 56 48 84 spectrum no 6 voc

100 Lysaker 2011 40 49 90 spectrum no 4 soc, il

101 Malinoswki 2020 100 26 59 spectrum yes 2 RSWG

102 Marks 1963 71 NA 100 spectrum no 12 read

103 Marom 2002 97 NA NA spectrum no 9 read

104 Martinez-

Cengotitabengoa 2016

94 24 69 spectrum yes 12 GAF

105 Martinuzzi 2019 325 26 70 spectrum yes 1 RSWG

106 Misiak 2016 64 27 50 SCZ yes 3 RSWG

107 Mondelli 2015 68 29 68 spectrum yes 3 RSWG

108 Mueser 2001 208 30 66 spectrum no 12 voc

109 Nash 2019 411 39 52 SCZ no 6 RSWG

110 Niedermeier 1992 49 26 55 SCZ no 12 read

111 Nossel 2018 133 NA NA spectrum no 3, 6 & 9 soc, voc

112 Nuechterlein 2011 35 25 75 spectrum yes 9 voc

113 Olfson 1999 263 37 59 spectrum no 3 read

114 Opler 2007 427 NA NA spectrum no 8 & 12 RSWG

115 Owens 2010 101 NA NA SCZ yes 12 read

116 Parker 1982 72 32 56 SCZ no 9 read

117 Parker 1995 118 35 48 SCZ no 12 read

118 Pencer 2005 69 17 71 spectrum yes 12 soc, voc

119 Peralta 2016 443 NA 61 spectrum no 12 GAF, voc, il

120 Perkins 2004 191 NA NA spectrum yes 3 soc, voc

121 Piao 2021 252 28 38 spectrum yes 6 RSWG

122 Pietzcker 1983 264 NA NA SCZ no 12 read

123 Pulkkinen 1997 76 35 50 spectrum no 6 voc
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124 Rabinowitz 2011 253 NA NA spectrum yes 6 RSWG, GAF

125 Reddy 2016 65 44 82 spectrum no 12 voc

126 Ribeiro 1992 63 28 69 SCZ no 12 soc, voc

127 Roseliza-Murni 2014 80 NA 70 SCZ no 6 read

128 Rossi 2009 243 NA NA spectrum no 12 RSWG

129 Salokangas 1997 220 NA NA spectrum yes 12 GAF, voc

130 San 2013 1646 38 68 spectrum no 12 read

131 Sanchez 2009 95 36 82 SCZ no 6 soc, voc, il

132 Saperstein 2011 145 43 80 spectrum no 6 voc

133 Saravanan 2010 115 30 54 SCZ yes 12 GAF

134 Sawada 2017 29 23 59 SCZ yes 12 GAF

135 Schennach 2015 399 35 56 spectrum no 12 RSWG

136 Schennach 2012 186 36 54 spectrum no 12 RSWG

137 Schennach-Wol� 2010 188 31 59 spectrum no 2 RSWG

138 Schennach-Wol� 2010 285 36 56 spectrum no 2 RSWG

139 Schennach-Wol� 2011 224 31 NA SCZ yes 1,5 RSWG

140 Schwartz 1997 23 40 61 SCZ no 12 GAF

141 Segarra 2012 452 NA NA spectrum yes 12 GAF

142 Shadmi 2018 2842 47 59 SCZ no 6 & 12 read

143 Sim 2006 121 28 56 SCZ yes 6 & 12 GAF

144 Simonsen 2017 91 27 62 spectrum yes 12 RSWG

145 Smesny 2011 35 NA NA SCZ yes 3 GAF

146 Staring 2011 103 39 70 spectrum no 12 RSWG

147 Startup 2010 89 31 76 spectrum no 6 & 12 read, GAF, soc

148 Stentebjerg-Olesen 2013 79 15 58 SCZ no 3 GAF

149 Stentebjerg-Olesen 2015 69 16 70 SCZ no 1 RSWG

150 Stouten 2014 153 29 73 spectrum yes 12 il

151 Stouten 2019 162 28 71 spectrum yes 12 soc, voc, il

152 Stratta 2013 262 38 59 SCZ no 2 RSWG

153 Stricker 1997 85 NA NA SCZ no 12 GAF

154 Tavcar 2000 447 39 45 spectrum no 12 read
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155 Thomas 2017 135 NA NA spectrum no 6 il

156 Torgalsbøen 2014 28 21 61 spectrum yes 6 RSWG, soc, voc

157 Tso 2012 34 42 54 spectrum no 12 read, GAF, soc

158 Tuinier 2008 65 26 62 SCZ no 3 RSWG

159 Twamley 2008 39 51 NA spectrum no 12 voc

160 Üçok 2006 67 21 45 SCZ yes 12 GAF, voc

161 Urban-Kowalczyk 2020 25 44 48 SCZ no 12 read

162 Valenstein 1998 676 NA NA SCZ no 1 read

163 Van Putten 1978 38 NA NA SCZ no 1,5 GAF

164 Vayshenker 2019 116 47 59 spectrum no 5 voc

165 Ventura 2015 149 24 78 spectrum yes 12 soc, voc

166 Walther 2016 28 38 71 spectrum no 6 GAF, soc

167 Weinberg 2009 77 NA 68 spectrum no 1,5 soc, voc

168 Wobrock 2009 693 41 54 SCZ no 3 RSWG

169 Wolter 2010 106 39 61 SCZ no 12 RSWG

170 Wu 2018 190 NA 23 SCZ no 1,5 GAF

171 Xiao 2014 100 39 71 spectrum no 12 voc, il

172 Yamazawa 2008 24 27 46 SCZ yes 12 GAF, soc

173 Yanos 2010 78 47 85 spectrum no 5 voc

174 Ye 2014 324 29 46 SCZ yes 6 voc

175 Yen 2002 74 33 55 SCZ no 12 soc

176 Zong 2022 38 25 66 SCZ yes 2 RSWG

177 Zhang 2014 318 28 47 spectrum no 6 RSWG

178 Zhou 2014 55 26 60 SCZ yes 2 RSWG

Abbreviations: NA = not available, SCZ = schizophrenia only, spectrum = schizophrenia spectrum 

disorders, FEP = �rst episode psychosis, FU = duration of follow-up, read = readmission, RSWG = 

remission according to RSWG criteria, GAF = Global Assesment of Functioning score, soc = social 

functioning, voc = vocational functioning, il = independent living. 
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Supplement 7. Association between variables and symptomatic remission

7.1 Association between male sex and symptomatic remission

Study

Random effects model
Heterogeneity: I 2 = 0.00%, �o2 = 0, p = 0.79

Chang, 2013
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Gaebel, 2014
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Lim, 2016
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7.2 Association between age and symptomatic remission

Study

Random effects model
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�>�ï�����������������������@
[ 0.10;  1.31]
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�����������������������@
[ 0.06;  0.53]
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
[ 0.10;  1.47]

Weight

100.0%

4.0%
3.��%
1.��%
2.5%
4.7%
1.5%
2.��%
2.3%
5.2%
3.2%
5.��%
��.��%
3.��%
3.2%
6.��%
5.4%
5.2%
5.5%
3.��%
3.0%
1.��%
7.��%
3.8%
5.3%
2.8%
��.��%
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7.3 Association between duration of illness and symptomatic remission

Study

Random effects model
Heterogeneity: I2 = 60.68%, �o2 = 0.09, p = 0.01

Andreou, 2013
Jäger, 2009
Kelly, 2009
Kim, 2020
Li, 2018
Lim, 2016
Tuinier, 2008
Wolter, 2010

FEP

no
no
no
no
yes
no
no
no

FU

7
2

12
6
2
6
3

12

n

317

31
79
7
19
20
104
25
32

remission
mean

7.40
8.10
23.70
3.39
0.71
12.09
3.00
13.90

sd

8.44
10.40
7.10
1.89
0.23
9.36
2.90
13.00

n

380

38
63
36
21
25
83
40
74

no remission
mean

9.00
12.60
21.80
6.81
0.72
17.01
8.50
10.30

sd

9.32
11.20
8.90
7.57
0.23
10.93
8.40
9.40

�ï�� �ï������ �� ������ ��

�&�R�K�H�Q�
�V���G �&�R�K�H�Q�
�V���G

�ï��������

�ï��������
�ï��������
0.22
�ï��������
�ï��������
�ï��������
�ï��������
0.34

�������&�,

�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�����������������������@

�>�ï��������;  0.00]

Weight

100.0%

12.9%
16.��%
7.��%
9.��%
10.��%
17.��%
11.9%
14.2%

7.4 Association between age at onset and symptomatic remission

Study

Random effects model
Heterogeneity: I2 = 35.91%, �o2 = 0.02, p = 0.12

Diaz, 2013
Gaebel, 2014
Greenstein, 2008
Jäger, 2009
Kelly, 2009
Kim, 2020
Lin, 2018
Lin, 2012
Wobrock, 2009
Zhou, 2014

n

805

54
65
16
79
7
19
110
21
404
30

remission
mean

27.90
31.10
9.78
26.20
23.70
25.26
25.50
22.10
29.80
24.30

sd

7.10
10.00
1.60
10.90
7.10
7.47
7.30
5.00
11.90
7.30

n

858

99
46
40
63
36
21
160
79
289
25

no remission
mean

24.90
31.50
10.32
21.70
22.00
22.43
24.60
23.90
29.30
25.00

sd

6.50
10.60
2.09
11.00
7.30
5.75
7.90
6.60
12.10
6.60

�ï�� �ï������ �� ������ ��

�&�R�K�H�Q�
�V���G �&�R�K�H�Q�
�V���G

0.11

0.44
�ï��������
�ï��������
0.41
0.23
0.42
0.12
�ï��������
0.04
�ï��������

�������&�,

�>�ï��������; 0.26]

[ 0.11; 0.78]
�>�ï���������������������@
�>�ï���������������������@
[ 0.07; 0.74]
�>�ï���������������������@
�>�ï���������������������@
�>�ï���������������������@
�>�ï���������������������@
�>�ï���������������������@
�>�ï���������������������@

Weight

100.0%

11.8%
10.��%
5.��%
11.��%
��.��%
4.��%
16.��%
7.��%
23.��%
6.1%

7.5 Association between DUP and symptomatic remission

Study

Random effects model
Heterogeneity: I2 = 60.04%, �o2 = 0.05, p = 0.04

Diaz, 2013
Misiak, 2016
Piao, 2020
Schennach, 2011
Zhou, 2014

FEP

yes
yes
yes
yes
yes

FU

12
3
6
2
2

n

435

54
35
184
132
30

remission
mean

8.80
53.50
7.93
2.50
8.10

sd

16.10
119.00
11.89
1.89
7.70

n

313

99
29
68
92
25

no remission
mean

15.60
62.10
8.12
3.42
17.00

sd

32.10
57.20
10.81
2.27
12.10

�ï�� �ï������ �� ������ ��

�&�R�K�H�Q�
�V���G �&�R�K�H�Q�
�V���G

�ï��������

�ï��������
�ï��������
�ï��������
�ï��������
�ï��������

�������&�,

�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@

�>�ï�������������ï��������]

Weight

100.0%

21.9%
15.��%
24.7%
25.��%
13.��%

7.6. Association between years of education and symptomatic remission

Study

Random effects model
Heterogeneity: I 2 = 60.57%, �o2 = 0.09, p = 0.01

Guo, 2019
Kim, 2020
Li, 2018
Lin, 2012
Piao, 2020
Simonsen, 2017
Zhou, 2014
Zong, 2022

FEP

yes
no
yes
no
yes
yes
yes
yes

FU

4
6
2
1
6

12
2
2

n

334

22
19
20
21
184
24
30
14

remission
mean

11.90
12.11
10.70
11.40
14.73
11.70
13.40
11.14

sd

3.20
2.30
4.35
2.30
1.95
2.10
2.50
3.11

n

320

11
21
25
79
68
67
25
24

no remission
mean

13.70
12.81
9.84
10.50
13.62
11.90
14.00
9.96

sd

3.20
2.44
2.95
2.20
2.19
2.30
1.60
2.68

�ï�� �ï������ �� ������ ��

�&�R�K�H�Q�
�V���G �&�R�K�H�Q�
�V���G

0.0��

�ï��������
�ï��������
0.23
0.40
0.55
�ï��������
�ï��������
0.41

�������&�,

�>�ï��������; 0.38]

�>�ï���������������������@
�>�ï���������������������@
�>�ï���������������������@
�>�ï���������������������@
[ 0.27; 0.83]
�>�ï���������������������@
�>�ï���������������������@
�>�ï���������������������@

Weight

100.0%

��.��%
10.��%
11.��%
13.6%
18.��%
14.��%
12.6%
10.��%
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7.7 Association between depressive symptoms and symptomatic remission

Study

Random effects model
Heterogeneity: I 2 = 53.21%, �o2 = 0.04, p = 0.04

Chou, 2013
Jäger, 2009
Kelly, 2009
Kim, 2020
Martinuzzi, 2019
Piao, 2020
�6�F�K�H�Q�Q�D�F�K�ï�:�R�O�I�I������������
Simonsen, 2017

FEP

no
yes
no
no
yes
yes
yes
yes

FU

1.00
2.00

12.00
6.00
1.00
6.00
1.50

12.00

n

695

27
79
7
19
223
184
132
24

remission
mean

20.90
13.20
8.90
16.53
13.20
5.05
12.75
5.70

sd

11.60
8.40
6.10
6.22
4.70
4.67
7.21
4.70

n

497

48
63
36
21
102
68
92
67

no remission
mean

23.50
13.60
10.30
15.57
13.20
5.08
17.54
6.90

sd

12.80
9.10
7.90
7.74
5.00
4.67
8.65
4.50

�ï������ �� ������

�&�R�K�H�Q�
�V���G �&�R�K�H�Q�
�V���G

�ï��������

�ï��������
�ï��������
�ï��������
0.13
0.00
�ï��������
�ï��������
�ï��������

�������&�,

�>�ï�����������������������@

�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�����������������������@

Weight

100.0%

10.2%
14.8%
4.7%
7.1%
18.8%
16.9%
17.2%
10.3%

7.8 Association between positive symptoms and symptomatic remission

Study

Random effects model
Heterogeneity: I2 = 70.71%, �o2 = 0.11, p < 0.01

Andreou, 2013
Chang, 2013
Diaz, 2014
Gaebel, 2014
Guo, 2019
Kasparec, 2011
Kelly, 2009
Kim, 2016
Kim, 2020
Li, 2018
Martinuzzi, 2019
Misiak, 2016
Mondelli, 2015
Nash, 2019
Piao, 2020
Rossi, 2009
Schennach, 2012
Simonsen, 2017
Stratta, 2013
Torgalsbøen, 2014
Tuinier, 2008
Zhang, 2014
Zhou, 2014
Zong, 2022

FEP

no
yes
yes
yes
yes
yes
no
no
no
yes
yes
yes
yes
no
yes
no
no
yes
no
yes
no
yes
yes
yes

FU

6
12
12
12
4

12
12
2
6
2
1
3
3
6
6

12
12
12
2
6
3
6
2
2

n

1735

31
62
54
65
22
32
7
20
19
20
223
35
30
260
184
77
101
24
124
17
25
259
30
14

remission
mean

10.27
22.20
12.70
9.00
23.50
25.30
7.40
59.71
27.53
25.45
19.10
15.80
14.10
15.20
17.32
14.80
19.83
8.30
16.33
17.70
15.40
22.50
25.20
26.36

sd

4.32
4.30
4.00
3.40
3.30
6.70
2.60
21.10
5.93
4.47
7.70
4.40
4.90
3.50
7.46
6.20
6.35
3.60
4.81
5.60
4.50
5.70
2.60
3.82

n

1349

38
42
99
46
11
7
36
21
21
25
102
29
38
151
68
166
85
67
138
11
40
59
25
24

no remission
mean

15.68
21.60
12.80
11.10
20.30
23.90
8.60
58.90
30.48
25.44
21.40
15.10
15.00
16.40
20.20
19.50
19.89
11.60
19.67
22.80
21.50
22.00
25.10
25.75

sd

7.11
5.40
4.20
4.30
7.20
7.50
4.00
24.24
6.09
3.85
5.40
3.70
6.80
3.60
7.75
5.50
6.01
3.50
6.40
4.50
6.00
6.40
3.90
3.54

�ï������ �ï�� �ï������ �� ������ �� ������

�&�R�K�H�Q�
�V���G �&�R�K�H�Q�
�V���G

�ï��������

�ï��������
0.12
�ï��������
�ï��������
0.64
0.20
�ï��������
0.03
�ï��������
0.00
�ï��������
0.17
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
0.09
0.03
0.16

�������&�,

�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@

�>�ï�������������ï��������]

Weight

100.0%

��.��%
4.7%
5.��%
4.7%
2.��%
2.��%
2.��%
3.��%
3.��%
3.��%
5.��%
4.0%
4.1%
��.��%
5.��%
5.��%
5.��%
4.��%
5.��%
2.��%
3.��%
5.��%
3.��%
3.��%
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7.9 Association between negative symptoms and symptomatic remission

Study

Random effects model
Heterogeneity: I2 = 54.70%, �o2 = 0.05, p < 0.01

Andreou, 2013
Chang, 2013
Diaz, 2013
Gaebel, 2014
Guo, 2019
Kasparec, 2011
Kelly, 2009
Kim, 2016
Kim, 2020
Li, 2018
Martinuzzi, 2019
Misiak, 2016
Mondelli, 2015
Nash, 2019
Piao, 2020
Rossi, 2009
Schennach, 2012
Simonsen, 2017
Stratta, 2013
Torgalsbøen, 2014
Tuinier, 2008
Zhang, 2014
Zhou FC, 2014
Zong, 2022

FEP

no
yes
yes
yes
yes
yes
no
no
no
yes
yes
yes
yes
no
yes
no
no
yes
no
yes
no
yes
yes
yes

FU

6
12
12
12
4

12
12
2
6
2
1
3
3
6
6

12
12
12
2
6
3
6
2
2

n

1735

31
62
54
65
22
32
7
20
19
20
223
35
30
260
184
77
101
24
124
17
25
259
30
14

remission
mean

12.70
15.80
5.10
13.20
20.30
25.40
25.50
64.48
20.79
19.30
18.30
10.50
13.70
15.10
16.53
20.20
16.20
10.20
21.40
20.60
19.80
14.90
20.50
17.93

sd

5.50
6.70
5.10
5.60
6.40
8.00
5.10
28.88
8.90
6.20
6.80
4.80
4.90
3.50
6.50
7.40
6.60
4.10
5.30
3.60
5.70
6.80
7.40
5.74

n

1349

38
42
99
46
11
7
36
21
21
25
102
29
38
151
68
166
85
67
138
11
40
59
25
24

no remission
mean

15.20
20.20
8.40
16.40
21.70
27.30
33.80
61.40
22.62
18.70
22.50
15.00
16.80
18.30
21.91
27.50
19.10
14.20
26.00
22.10
27.50
15.80
25.00
18.54

sd

5.80
9.40
6.30
5.80
7.10
11.80
11.10
29.45
4.94
5.60
7.20
4.90
6.20
4.20
7.28
6.90
6.90
6.00
7.10
6.10
7.70
7.10
5.50
4.78

�ï������ �ï�� �ï������ �� ������ �� ������

�&�R�K�H�Q�
�V���G �&�R�K�H�Q�
�V���G

�ï��������

�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
0.10
�ï��������
0.10
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������

�������&�,

�>�ï�������������ï���������@

�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�����������������������@

Weight

100.0%

3.8%
4.7%
5.4%
4.8%
2.2%
1.9%
1.8%
2.8%
2.8%
3.0%
6.7%
3.5%
3.8%
7.1%
6.0%
6.0%
6.0%
3.9%
6.5%
2.1%
3.4%
6.1%
3.3%
2.6%

7.10 Association between general symptoms and symptomatic remission

Study

Random effects model
Heterogeneity: I2 = 81.14%, �o2 = 0.17, p < 0.01

�6�F�K�H�Q�Q�D�F�K�ï�:�R�O�I�I������������
Guo, 2019
Jäger, 2009
Kim, 2020
Li, 2018
Lin, 2012
Martinuzzi, 2019
Mondelli, 2015
Piao, 2020
Rossi, 2009
Stratta, 2013
Zhang, 2014
Zhou, 2014
Zong, 2022

FEP

yes
yes
yes
no
yes
no
yes
yes
yes
no
no
yes
yes
yes

FU

1.50
4.00
2.00
6.00
2.00
1.00
1.00
3.00
6.00

12.00
2.00
6.00
2.00
2.00

n

1234

132
22
79
19
20
21
223
30
184
77
124
259
30
14

remission
mean

33.48
45.20
24.40
46.11
46.70
12.30
37.00
29.20
35.96
36.90
41.97
38.00
40.30
48.00

sd

9.97
8.80
10.10
10.34
8.18
39.10
10.00
1.30
12.54
10.50
9.29
7.10
7.00
6.88

n

911

92
11
63
21
25
79
102
38
68
166
138
59
25
24

no remission
mean

43.22
43.20
39.90
49.29
48.56
7.80
40.60
29.40
42.09
47.50
46.91
38.60
41.60
48.96

sd

13.42
9.50
10.20
9.48
6.49
29.10
8.80
1.10
14.26
11.50
10.25
8.40
6.20
6.43

�ï������ �ï�� �ï������ �� ������ �� ������

�&�R�K�H�Q�
�V���G �&�R�K�H�Q�
�V���G

�ï��������

�ï��������
0.22
�ï��������
�ï��������
�ï��������
0.14
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������

�������&�,

�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�����������������������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
�>�ï�������������ï���������@
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Weight

100.0%

8.��%
��.��%
7.6%
5.��%
��.��%
6.��%
8.��%
6.8%
8.��%
8.��%
8.��%
8.��%
6.��%
5.��%
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Supplement 7. Continued

7.11 Association between total symptom score and symptomatic remission

Study

Random effects model
Heterogeneity: I2 = 73.96%, �o2 = 0.10, p < 0.01

Diaz, 2013
�6�F�K�H�Q�Q�D�F�K�ï�:�R�O�I�I������������
Guo, 2019
Jäger, 2009
Kim, 2016
Li, 2018
Lin, 2012
Lin, 2018
Martinuzzi, 2019
Rossi, 2009
Tuinier, 2008
Wolter, 2010
Zhang, 2014
Zong, 2022

n

1088

54
132
22
79
20
20
21
110
223
77
25
32
259
14

remission
mean

56.90
69.52
89.00
71.10
114.52
91.45
54.00
84.70
74.40
74.60
36.60
29.00
75.40
92.29

sd

11.40
19.50
14.00
17.10
20.97
15.80
7.80
19.70
19.60
20.90
9.70
6.50
13.30
13.83

n

1015

99
92
11
63
21
25
79
160
102
166
40
74
59
24

no remission
mean

60.30
88.15
86.30
77.70
110.55
92.68
56.10
90.20
84.50
94.70
51.40
35.70
76.40
93.25

sd

11.20
24.34
15.00
17.80
27.89
10.50
11.20
17.00
16.70
19.60
16.20
8.80
14.20
9.22

�ï������ �ï�� �ï������ �� ������ �� ������

�&�R�K�H�Q�
�V���G �&�R�K�H�Q�
�V���G

�ï��������
�ï����������
0.18
�ï����������
0.16
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������
�ï��������

�ï0.4��

�������&�,
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�>�ï�������������ï���������@
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�>�ï�����������������������@

�>�ï�������������ï��������]

Weight

100.0%

8.1%
8.��%
4.��%
8.1%
5.��%
5.��%
6.5%
9.��%
9.��%
8.��%
6.0%
7.��%
8.��%
4.��%

7.12 Association between CGIs and symptomatic remission

Study

Random effects model
Heterogeneity: I2 = 60.32%, �o2 = 0.03, p = 0.03

Gaebel, 2014
Kelly, 2009
Kim, 2016
Nash, 2019
Rossi, 2009
Wobrock, 2009

FEP

yes
no
no
no
no
no

FU

12
12
2
6

12
3

n

833

65
7
20
260
77
404

remission
mean

3.40
4.60
5.48
2.80
4.30
6.20

sd

1.10
0.50
1.03
0.60
0.90
0.70

n

709

46
36
21
151
166
289

no remission
mean

3.60
4.80
5.58
3.20
4.70
6.40

sd

1.10
0.90
0.96
0.60
0.80
0.90

�ï�� �ï������ �� ������ ��

�&�R�K�H�Q�
�V���G �&�R�K�H�Q�
�V���G

�ï��������
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�>�ï�������������ï��������]

Weight

100.0%

1��.��%
5.��%
��.��%
24.��%
20.2%
27.��%

7.13 Association between GAF and symptomatic remission

Study

Random effects model
Heterogeneity: I2 = 69.82%, �o2 = 0.06, p < 0.01

Jäger, 2009
Kim, 2020
Rossi, 2009
�6�F�K�H�Q�Q�D�F�K�ï�:�R�O�I�I������������
Stratta, 2013
Wolter, 2010

FEP

yes
no
no
yes
no
no

FU

2.00
6.00

12.00
1.50

12.00
12.00

n

463

79
19
77
132
124
32

remission
mean

41.30
51.32
54.60
46.21
55.94
60.30

sd

10.60
7.61
11.40
14.63
11.18
11.90

n

554

63
21
166
92
138
74

no remission
mean

39.40
50.24
46.50
41.66
46.46
50.80

sd

9.60
6.02
10.20
11.66
11.17
13.90

�ï�� �ï������ �� ������ ��

�&�R�K�H�Q�
�V���G �&�R�K�H�Q�
�V���G

0.53

0.19
0.16
0.76
0.34
0.85
0.71

�������&�,

[ 0.28; 0.7��]

�>�ï���������������������@
�>�ï���������������������@
[ 0.48; 1.04]
[ 0.07; 0.60]
[ 0.59; 1.10]
[ 0.28; 1.13]

Weight

100.0%

17.3%
9.7%
19.1%
19.��%
����.��%
14.4%
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Supplement 9. Association between variables and outcome by frequency counts

Table 9.1 Associations between variables and symptomatic remission by frequency counts

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Sex (male) 0 0 1 153 4 1981 24 5185 (1*-1 +3*-0.5+1*0.5+ 24*0)/29 = -0.07 ns

Age 2 363 4 924 1 40 22 5711 (2*1+4*-1+1*-0.5+22*0)/29)= -0.09 ns

Ethnicity (ethnic majority background) 1 958 0 0 0 0 3 688 (1*1+3*0)/4= 0.25 ns

Positive family history for mental illness 0 0 0 0 0 0 5 830 (5*0)/5= 0 ns

History of childhood trauma 0 0 1 64 0 0 1 68 (1*-1+1*0)/2= -0.5 



Medical history

Concomitant (somatic and/or psychiatric) diseases 0 0 3 1611 1 958 0 0 (2*-1+1*-0.5)/3= -0.83 



Age �rst psychosis 2 295 0 0 1 40 10 2407 (2*1+1*0.5+10*0)/13= 0.19 ns

Age at �rst antipsychotic treatment 0 0 0 0 1 958 1 519 (1+0,5+1*0)/2= 0.25 ns

Age at �rst hospitalization

Duration of illness 0 0 4 757 2 1144 8 1287 (4*-1 +2*-0.5+8*0)/14 = -0.21 ns

Duration of untreated psychosis 0 0 5 1042 1 318 3 420 (5*-1 + 1*-0.5)/9= -0.61 



Number of previous hospitalizations 0 0 2 825 0 0 3 1546 (2*-1+3*0)/5= = -0.4 


Functioning

Better premorbid adjustment 1 153 0 0 2 344 1 186 (1*1+2*0.5)/4= 0.5 ��

Having friends (y/n) 0 0 0 0 1 958 1 186 (1*0.5+1*0)/2= 0.25 ns

Having a partner/ being married (y/n) 0 0 0 0 1 152 4 1314 (1*0.5+4*0)/5= 0.1 ns

Social functioning at baseline

Household emotional expression/disturbed family interaction

Independent living (y/n) 1 106 0 0 1 186 0 0 (1*1+1*0,5)/2= 0,75 ��

Parental level of education �1x investigated

Higher IQ 0 0 0 0 1 69 3 187 (1*0.5+3*0)/4= 0.13 ns

Years education 1 153 0 0 0 0 12 2240 (1*1+12*0)/13= 0.08 ns

Working/studying (y/n) 1 958 0 0 1 186 3 323 (1*1+1*0.5+3*0)/5= 0.3 ns

Motivation for work �1x investigated

Preceding stressors 0 0 0 0 0 0 3 528 (3*0)/3= 0 ns

Global Assessment of Functioning (GAF) 2 781 0 0 5 850 3 171 (2*1+5*0.5)/10= 0.45 �

GAF lowest previous year 1 142 0 0 0 0 1 166 (1*1+1*0)/2= 0.5 ��

Social and Occupational Functioning Assessment Scale (SOFAS) 1 224 0 0 1 186 0 0 (1*1+1*0,5)/2= 0.75 ��
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Supplement 9. Association between variables and outcome by frequency counts

Table 9.1 Associations between variables and symptomatic remission by frequency counts

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Sex (male) 0 0 1 153 4 1981 24 5185 (1*-1 +3*-0.5+1*0.5+ 24*0)/29 = -0.07 ns

Age 2 363 4 924 1 40 22 5711 (2*1+4*-1+1*-0.5+22*0)/29)= -0.09 ns

Ethnicity (ethnic majority background) 1 958 0 0 0 0 3 688 (1*1+3*0)/4= 0.25 ns

Positive family history for mental illness 0 0 0 0 0 0 5 830 (5*0)/5= 0 ns

History of childhood trauma 0 0 1 64 0 0 1 68 (1*-1+1*0)/2= -0.5 



Medical history

Concomitant (somatic and/or psychiatric) diseases 0 0 3 1611 1 958 0 0 (2*-1+1*-0.5)/3= -0.83 



Age �rst psychosis 2 295 0 0 1 40 10 2407 (2*1+1*0.5+10*0)/13= 0.19 ns

Age at �rst antipsychotic treatment 0 0 0 0 1 958 1 519 (1+0,5+1*0)/2= 0.25 ns

Age at �rst hospitalization

Duration of illness 0 0 4 757 2 1144 8 1287 (4*-1 +2*-0.5+8*0)/14 = -0.21 ns

Duration of untreated psychosis 0 0 5 1042 1 318 3 420 (5*-1 + 1*-0.5)/9= -0.61 



Number of previous hospitalizations 0 0 2 825 0 0 3 1546 (2*-1+3*0)/5= = -0.4 


Functioning

Better premorbid adjustment 1 153 0 0 2 344 1 186 (1*1+2*0.5)/4= 0.5 ��

Having friends (y/n) 0 0 0 0 1 958 1 186 (1*0.5+1*0)/2= 0.25 ns

Having a partner/ being married (y/n) 0 0 0 0 1 152 4 1314 (1*0.5+4*0)/5= 0.1 ns

Social functioning at baseline

Household emotional expression/disturbed family interaction

Independent living (y/n) 1 106 0 0 1 186 0 0 (1*1+1*0,5)/2= 0,75 ��

Parental level of education �1x investigated

Higher IQ 0 0 0 0 1 69 3 187 (1*0.5+3*0)/4= 0.13 ns

Years education 1 153 0 0 0 0 12 2240 (1*1+12*0)/13= 0.08 ns

Working/studying (y/n) 1 958 0 0 1 186 3 323 (1*1+1*0.5+3*0)/5= 0.3 ns

Motivation for work �1x investigated

Preceding stressors 0 0 0 0 0 0 3 528 (3*0)/3= 0 ns

Global Assessment of Functioning (GAF) 2 781 0 0 5 850 3 171 (2*1+5*0.5)/10= 0.45 �

GAF lowest previous year 1 142 0 0 0 0 1 166 (1*1+1*0)/2= 0.5 ��

Social and Occupational Functioning Assessment Scale (SOFAS) 1 224 0 0 1 186 0 0 (1*1+1*0,5)/2= 0.75 ��
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Table 9.1 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Disability Assessment Schedule (DAS) 0 0 0 0 0 0 2 257 (2*0)/2= 0 ns

Quality of Life scale 1 285 0 0 0 0 1 43 (1*1+1*0)/2= 0.5 �

Current medical situation

Substance abuse 0 0 1 498 1 693 5 1617 (1*-1+1*-0.5+5*0)/7= -0.21 ns

BMI 0 0 0 0 0 0 3 856 (3*0/3)= 0 ns

First episode psychosis (y/n) 1 142 0 0 1 693 1 69 (1*1+1*0.5+1*0)/3= 0.5 ��

Hospitalization (y/n) 0 0 0 0 0 0 4 1045 (4*0)/4= 0 ns

Clinical Global Impression Scale -Severity (CGI-S) 0 0 4 889 1 693 2 118 (4*-1+1*-0.5+2*0)/7= -0.64 



Subjective Well-being under Neuroleptics Scale (SWN) 1 285 0 0 0 0 1 262 (1*1+1*0)/2= 0.5 ��

Treatment adherence 3 1642 0 0 1 166 4 845 (3*1+ 1*0.5+4*0)/8= 0.44 �

Symptoms

Negative symptom score 0 0 11 2078 4 556 9 730 (11*-1 + 4*-0.5+9*0)/24= -0.54 



Positive symptom score 1 33 10 2045 1 186 12 1100 (1*1+10*-1+1*-0.5+12*0)/24= -0.39 


General symptom score 0 0 3 617 4 1053 8 700 (3*-1+4*-0.5+8*0)/15= -0.33 


Total symptom score 0 0 7 1272 1 186 7 730 (7*-1+1*-0.5+7*0)/15= -0.5 



Depressive symptoms 0 0 2 1113 0 0 9 1180 (2*-1+9*0)/11= -0.18 ns

Symptomatic remission at baseline 2 706 0 0 0 0 1 75 (2*1+1*0)/3= 0.67 ��

PANSS excitement Dimension 0 0 0 0 0 0 5 739 (5*0)/5= 0 ns

PANSS disorganized Dimension 0 0 2 515 2 160 0 0 (2*-1+2*-0,5)/4= -0.75 



PANSS cognitive Dimension 0 0 1 243 0 0 2 129 (1*-1+2*0)/3= -0.33 


Insight 2 308 0 0 2 1144 1 103 (2*1+2*0.5+1*0)/5= 0.6 ��

Diagnosis (schizophrenia vs other) 0 0 1 153 0 0 2 918 (1*-1+2*0)/3= -0.33 


Schizophrenia subtype (paranoid vs other) 1 693 0 0 0 0 1 519 (1*1+1*0)/2= 0.5 �

Side-e�ects

Drug Attitude Inventory (DAI) 0 0 0 0 0 0 2 428 (2*0)/2= 0 ns

Abnormal Involuntary Movement Scale (AIMS) 0 0 1 958 0 0 1 166 (1*-1+1*0)/2= -0.5 



Extrapyramidal symptoms 0 0 1 958 0 0 5 1044 (1*1+5*0)/6= 0.17 ns

Neurocognitive functioning

Verbal learning and Memory 0 0 0 0 3 972 2 160 (3*0.5+2*0)/5= 0.3 ns

Attention 1 28 0 0 2 958 1 55 (2*0.5+1*0)/3= 0.33 �
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Table 9.1 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Disability Assessment Schedule (DAS) 0 0 0 0 0 0 2 257 (2*0)/2= 0 ns

Quality of Life scale 1 285 0 0 0 0 1 43 (1*1+1*0)/2= 0.5 �

Current medical situation

Substance abuse 0 0 1 498 1 693 5 1617 (1*-1+1*-0.5+5*0)/7= -0.21 ns

BMI 0 0 0 0 0 0 3 856 (3*0/3)= 0 ns

First episode psychosis (y/n) 1 142 0 0 1 693 1 69 (1*1+1*0.5+1*0)/3= 0.5 ��

Hospitalization (y/n) 0 0 0 0 0 0 4 1045 (4*0)/4= 0 ns

Clinical Global Impression Scale -Severity (CGI-S) 0 0 4 889 1 693 2 118 (4*-1+1*-0.5+2*0)/7= -0.64 



Subjective Well-being under Neuroleptics Scale (SWN) 1 285 0 0 0 0 1 262 (1*1+1*0)/2= 0.5 ��

Treatment adherence 3 1642 0 0 1 166 4 845 (3*1+ 1*0.5+4*0)/8= 0.44 �

Symptoms

Negative symptom score 0 0 11 2078 4 556 9 730 (11*-1 + 4*-0.5+9*0)/24= -0.54 



Positive symptom score 1 33 10 2045 1 186 12 1100 (1*1+10*-1+1*-0.5+12*0)/24= -0.39 


General symptom score 0 0 3 617 4 1053 8 700 (3*-1+4*-0.5+8*0)/15= -0.33 


Total symptom score 0 0 7 1272 1 186 7 730 (7*-1+1*-0.5+7*0)/15= -0.5 



Depressive symptoms 0 0 2 1113 0 0 9 1180 (2*-1+9*0)/11= -0.18 ns

Symptomatic remission at baseline 2 706 0 0 0 0 1 75 (2*1+1*0)/3= 0.67 ��

PANSS excitement Dimension 0 0 0 0 0 0 5 739 (5*0)/5= 0 ns

PANSS disorganized Dimension 0 0 2 515 2 160 0 0 (2*-1+2*-0,5)/4= -0.75 



PANSS cognitive Dimension 0 0 1 243 0 0 2 129 (1*-1+2*0)/3= -0.33 


Insight 2 308 0 0 2 1144 1 103 (2*1+2*0.5+1*0)/5= 0.6 ��

Diagnosis (schizophrenia vs other) 0 0 1 153 0 0 2 918 (1*-1+2*0)/3= -0.33 


Schizophrenia subtype (paranoid vs other) 1 693 0 0 0 0 1 519 (1*1+1*0)/2= 0.5 �

Side-e�ects

Drug Attitude Inventory (DAI) 0 0 0 0 0 0 2 428 (2*0)/2= 0 ns

Abnormal Involuntary Movement Scale (AIMS) 0 0 1 958 0 0 1 166 (1*-1+1*0)/2= -0.5 



Extrapyramidal symptoms 0 0 1 958 0 0 5 1044 (1*1+5*0)/6= 0.17 ns

Neurocognitive functioning

Verbal learning and Memory 0 0 0 0 3 972 2 160 (3*0.5+2*0)/5= 0.3 ns

Attention 1 28 0 0 2 958 1 55 (2*0.5+1*0)/3= 0.33 �
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Table 9.1 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Processing speed 2 980 0 0 0 0 4 390 (2*1+4*0)/6= 0.33 �

Working memory/ executive functioning 0 0 0 0 1 889 4 219 (1*0.5+4*0)/5= 0.1 ns

Composite score 0 0 0 0 1 889 3 679 (1*0.5+3*0)/4= 0.13 ns

Verbal �uency 0 0 0 0 0 0 3 191 (3*0)/3= 0 ns

Table 9.2 Association between variables and symptomatic relapse by frequency counts

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Sex (male) 1 2842 1 118 0 0 13 4029 (1*1+1*-1+13*0)/15= 0 ns

Age 2 130 1 2842 0 0 13 4186 (2*1+1*-1+13*0)/16= -0.06 ns

Ethnicity (ethnic majority background) 0 0 0 0 0 0 4 517 (4*0)/4= 0 ns

Medical history

Age �rst psychosis 0 0 0 0 0 0 5 1412 (5*0)/5= 0 ns

Duration of illness 1 1646 0 0 0 0 2 126 (1*1+2*0)/3= 0.33 �

Duration of untreated psychosis 1 101 0 0 0 0 2 519 (1*1+2*0)/3= 0.33 �

Number of previous hospitalizations 8 6570 0 0 0 0 4 336 (8*1+4*0)/12= 0.67 ��

Duration of last hospitalization 0 0 1 166 0 0 5 670 (1*-1 +5*0)/6= -0.17 ns

Functioning

Better premorbid adjustment 0 0 0 0 0 0 3 615 (3*0)/3= 0 ns

Having a partner/ being married (y/n) 0 0 2 262 0 0 7 903 (2*-1+7*0)/9= -0.22 ns

Household emotional expression/disturbed family interaction 0 0 0 0 6 2211 2 150 (6*0.5+2*0)/8= 0.38 �

Independent living (y/n) 0 0 0 0 0 0 4 583 (4*0)/4= 0 ns

Higher IQ 0 0 0 0 0 0 2 183 (2*0)/2=0 ns

Years education 1 166 0 0 1 118 11 5501 (1*1+1*-0.5+11*0)/13= -0.04 ns

Working/studying (y/n) 0 0 3 356 0 0 4 391 (3*-1+4*0)/7= -0.43 �

Global Assessment of Functioning (GAF) score 0 0 2 123 0 0 3 446 (2*-1 +3*0)/5= -0.4 �
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Table 9.1 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Processing speed 2 980 0 0 0 0 4 390 (2*1+4*0)/6= 0.33 �

Working memory/ executive functioning 0 0 0 0 1 889 4 219 (1*0.5+4*0)/5= 0.1 ns

Composite score 0 0 0 0 1 889 3 679 (1*0.5+3*0)/4= 0.13 ns

Verbal �uency 0 0 0 0 0 0 3 191 (3*0)/3= 0 ns

Table 9.2 Association between variables and symptomatic relapse by frequency counts

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Sex (male) 1 2842 1 118 0 0 13 4029 (1*1+1*-1+13*0)/15= 0 ns

Age 2 130 1 2842 0 0 13 4186 (2*1+1*-1+13*0)/16= -0.06 ns

Ethnicity (ethnic majority background) 0 0 0 0 0 0 4 517 (4*0)/4= 0 ns

Medical history

Age �rst psychosis 0 0 0 0 0 0 5 1412 (5*0)/5= 0 ns

Duration of illness 1 1646 0 0 0 0 2 126 (1*1+2*0)/3= 0.33 �

Duration of untreated psychosis 1 101 0 0 0 0 2 519 (1*1+2*0)/3= 0.33 �

Number of previous hospitalizations 8 6570 0 0 0 0 4 336 (8*1+4*0)/12= 0.67 ��

Duration of last hospitalization 0 0 1 166 0 0 5 670 (1*-1 +5*0)/6= -0.17 ns

Functioning

Better premorbid adjustment 0 0 0 0 0 0 3 615 (3*0)/3= 0 ns

Having a partner/ being married (y/n) 0 0 2 262 0 0 7 903 (2*-1+7*0)/9= -0.22 ns

Household emotional expression/disturbed family interaction 0 0 0 0 6 2211 2 150 (6*0.5+2*0)/8= 0.38 �

Independent living (y/n) 0 0 0 0 0 0 4 583 (4*0)/4= 0 ns

Higher IQ 0 0 0 0 0 0 2 183 (2*0)/2=0 ns

Years education 1 166 0 0 1 118 11 5501 (1*1+1*-0.5+11*0)/13= -0.04 ns

Working/studying (y/n) 0 0 3 356 0 0 4 391 (3*-1+4*0)/7= -0.43 �

Global Assessment of Functioning (GAF) score 0 0 2 123 0 0 3 446 (2*-1 +3*0)/5= -0.4 �
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Table 9.2 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Current medical situation

Substance abuse 1 2842 0 0 2 1909 2 247 (1*1+2*0.5+2*0)/5= 0.4 �

Treatment adherence 0 0 2 795 0 0 2 2710 (2*-1+2*0)/4= -0.5 ��

Symptoms

Negative symptom score 2 167 0 0 0 0 3 446 (2*1+3*0)/5= 0.4 �

Positive symptom score 1 89 0 0 0 0 5 1621 (1*1+5*0)/6= 0.17 ns

Total symptom score 0 0 0 0 1 1064 1 78 (1*-0.5+1*0)/2= -0.25 ns

Depressive symptoms 2 352 0 0 0 0 2 174 (2x0+2*0)/4= 0.5 ��

Insight 0 0 0 0 0 0 2 521 (2*0)/2= 0 ns

Table 9.3 Association between variables and global functioning by frequency counts

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Sex (male) 0 0 3 234 0 0 11 1391 (3*-1+11*0)/14= -0.21 ns

Age 0 0 0 0 0 0 19 2172 (19*0)/19= 0 ns

Ethnicity (ethnic majority background) 0 0 1 263 0 0 1 96 (1*-1+1*0)/2= -0.5 



Medical history

Age �rst psychosis 0 0 0 0 0 0 6 674 (6*0)/6= 0 ns

Duration of untreated psychosis 0 0 2 158 0 0 6 638 (2*-1+6*0)/8= -0.25 ns

Functioning

Better premorbid adjustment 1 253 0 0 5 426 1 39 (1*1+5*0,5)/6= 0.58 ��

Having a partner/ being married (y/n) 0 0 0 0 0 0 4 291 (4*0)/4= 0 ns

Higher IQ 0 0 0 0 1 24 1 96 (1*0.5+1*0)/2= 0.25 ns

Years education 1 452 0 0 1 40 10 926 (1*1+1*0.5+10x0)/12= 0.13 ns

Global Assessment of Functioning (GAF) score 6 644 0 0 1 40 3 275 (6*1+1*0.5+3*0)/10= 0.65 ��

Current medical situation

Treatment adherence 2 622 0 0 0 0 1 444 (2*1+1*0)/2= 1 ��
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Table 9.2 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Current medical situation

Substance abuse 1 2842 0 0 2 1909 2 247 (1*1+2*0.5+2*0)/5= 0.4 �

Treatment adherence 0 0 2 795 0 0 2 2710 (2*-1+2*0)/4= -0.5 ��

Symptoms

Negative symptom score 2 167 0 0 0 0 3 446 (2*1+3*0)/5= 0.4 �

Positive symptom score 1 89 0 0 0 0 5 1621 (1*1+5*0)/6= 0.17 ns

Total symptom score 0 0 0 0 1 1064 1 78 (1*-0.5+1*0)/2= -0.25 ns

Depressive symptoms 2 352 0 0 0 0 2 174 (2x0+2*0)/4= 0.5 ��

Insight 0 0 0 0 0 0 2 521 (2*0)/2= 0 ns

Table 9.3 Association between variables and global functioning by frequency counts

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Sex (male) 0 0 3 234 0 0 11 1391 (3*-1+11*0)/14= -0.21 ns

Age 0 0 0 0 0 0 19 2172 (19*0)/19= 0 ns

Ethnicity (ethnic majority background) 0 0 1 263 0 0 1 96 (1*-1+1*0)/2= -0.5 



Medical history

Age �rst psychosis 0 0 0 0 0 0 6 674 (6*0)/6= 0 ns

Duration of untreated psychosis 0 0 2 158 0 0 6 638 (2*-1+6*0)/8= -0.25 ns

Functioning

Better premorbid adjustment 1 253 0 0 5 426 1 39 (1*1+5*0,5)/6= 0.58 ��

Having a partner/ being married (y/n) 0 0 0 0 0 0 4 291 (4*0)/4= 0 ns

Higher IQ 0 0 0 0 1 24 1 96 (1*0.5+1*0)/2= 0.25 ns

Years education 1 452 0 0 1 40 10 926 (1*1+1*0.5+10x0)/12= 0.13 ns

Global Assessment of Functioning (GAF) score 6 644 0 0 1 40 3 275 (6*1+1*0.5+3*0)/10= 0.65 ��

Current medical situation

Treatment adherence 2 622 0 0 0 0 1 444 (2*1+1*0)/2= 1 ��
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Table 9.3 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Symptoms

Negative symptoms 0 0 0 0 0 0 5 709 (5*0)/5= 0 ns

Positive symptoms 0 0 0 0 0 0 4 642 (4*0)/4= 0 ns

Total symptoms 0 0 0 0 0 0 2 147 (2*0)/2= 0 ns

Insight 1 23 0 0 1 452 3 323 (1*1+1*0.5+3*0)/5= 0.3 ns

Neurocognitive functioning

Working memory/executive functioning 0 0 0 0 0 0 2 53 (2*0)/2= 0 ns

Composite score 0 0 1 94 0 0 1 29 (1*-1+1*0)/2= -0.5 



Table 9.4 Association between variables and social functioning by frequency counts

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Sex (male) 0 0 0 0 0 0 10 1675 (10*0)/10= 0 ns

Age 0 0 1 80 1 128 11 1968 (1*-1+1*-0.5+11*0)/13= -0.12 ns

Ethnicity (ethnic majority background) 0 0 0 0 0 0 2 391 (2*0)/2= 0 ns

Medical history

Age at �rst hospitalization 0 0 0 0 0 0 3 197 (3*0)/3= 0 ns

Duration of illness 0 0 1 80 0 0 5 497 (1*-1+5*0)/6= -0.17 ns

Duration of untreated psychosis 0 0 2 298 1 160 4 466 (2*-1+1*-0.5+4*0)/7= -0.36 �

Number of previous hospitalizations 0 0 0 0 0 0 3 397 (3*0)/3= 0 ns

Duration of �rst hospitalization 0 0 2 278 0 0 1 86 (2*-1+1*0)/3= -0.67 ��

Functioning

Better premorbid adjustment 2 158 0 0 2 158 1 24 (2*1+2*0.5+1*0)/5= 0.6 ��

Having a partner/ being married (y/n) 0 0 0 0 1 80 3 769 (1*-0.5+3*0)/4= -0.13 ns

Social functioning at baseline 6 445 0 0 1 29 0 0 (6*1+1*0.5)/7= 0.93 ��

Household emotional expression/disturbed family interaction 0 0 0 0 3 175 1 44 (2*-0.5+1*0)/3= -0.33 �

Independent living (y/n) 1 100 0 0 0 0 1 662 (1*1+1*0)/2= 0.5 ��
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Table 9.3 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Symptoms

Negative symptoms 0 0 0 0 0 0 5 709 (5*0)/5= 0 ns

Positive symptoms 0 0 0 0 0 0 4 642 (4*0)/4= 0 ns

Total symptoms 0 0 0 0 0 0 2 147 (2*0)/2= 0 ns

Insight 1 23 0 0 1 452 3 323 (1*1+1*0.5+3*0)/5= 0.3 ns

Neurocognitive functioning

Working memory/executive functioning 0 0 0 0 0 0 2 53 (2*0)/2= 0 ns

Composite score 0 0 1 94 0 0 1 29 (1*-1+1*0)/2= -0.5 



Table 9.4 Association between variables and social functioning by frequency counts

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Sex (male) 0 0 0 0 0 0 10 1675 (10*0)/10= 0 ns

Age 0 0 1 80 1 128 11 1968 (1*-1+1*-0.5+11*0)/13= -0.12 ns

Ethnicity (ethnic majority background) 0 0 0 0 0 0 2 391 (2*0)/2= 0 ns

Medical history

Age at �rst hospitalization 0 0 0 0 0 0 3 197 (3*0)/3= 0 ns

Duration of illness 0 0 1 80 0 0 5 497 (1*-1+5*0)/6= -0.17 ns

Duration of untreated psychosis 0 0 2 298 1 160 4 466 (2*-1+1*-0.5+4*0)/7= -0.36 �

Number of previous hospitalizations 0 0 0 0 0 0 3 397 (3*0)/3= 0 ns

Duration of �rst hospitalization 0 0 2 278 0 0 1 86 (2*-1+1*0)/3= -0.67 ��

Functioning

Better premorbid adjustment 2 158 0 0 2 158 1 24 (2*1+2*0.5+1*0)/5= 0.6 ��

Having a partner/ being married (y/n) 0 0 0 0 1 80 3 769 (1*-0.5+3*0)/4= -0.13 ns

Social functioning at baseline 6 445 0 0 1 29 0 0 (6*1+1*0.5)/7= 0.93 ��

Household emotional expression/disturbed family interaction 0 0 0 0 3 175 1 44 (2*-0.5+1*0)/3= -0.33 �

Independent living (y/n) 1 100 0 0 0 0 1 662 (1*1+1*0)/2= 0.5 ��
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Table 9.4 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Years education 0 0 0 0 1 160 8 910 (1*0.5+7*0)/8= 0.06 ns

Working/studying (y/n) 2 742 0 0 0 0 4 585 (2*1+4*0)/6= 0.33 �

Global Assessment of Functioning (GAF) score 0 0 0 0 0 0 2 411 (2*0)/2= 0 ns

Current medical situation

Substance abuse 0 0 0 0 0 0 3 588 (3*0)/3= 0 ns

Treatment adherence 0 0 0 0 0 0 3 554 (3*0)/3= 0 ns

Symptoms

Negative symptoms 0 0 3 288 3 304 5 437 (3*-1+1*0.5+2*-0.5+5*0)/11= -0.32 ns

Positive symptoms 0 0 2 101 2 231 6 492 (2*-1+2*-0.5+6*0)/10= -0.3 ns

General symptoms 0 0 3 411 0 0 0 0 (3*-1)/3= -1 ��

Depressive symptoms 0 0 0 0 0 0 2 207 (2*0)/2= 0 ns

Insight 1 160 0 0 1 74 1 36 (1*1+1*0,5+1*0)/3= 0.5 ��

Neurocognitive functioning

Verbal learning and Memory 1 95 0 0 1 160 5 353 (1*1+1*0.5+5*0)/7= 0.21 ns

Attention 1 28 0 0 1 70 2 177 (1*1+1*0.5+2*0)/4= 0.38 �

Processing speed 2 255 0 0 0 0 3 235 (2*1+3*0)/5= 0.4 �

Working memory/executive functioning 2 68 0 0 5 403 2 201 (2*1+5*0.5+2*0)/9= 0.39 �

Composite score 0 0 0 0 0 0 3 290 (3*0)/3= 0 ns

Social cognition 0 0 0 0 0 0 2 190 (2*0)/2= 0 ns

Perception of emotions 1 100 0 0 0 0 1 81 (1*1+1*0)/2= 0.5 ��
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Table 9.4 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Years education 0 0 0 0 1 160 8 910 (1*0.5+7*0)/8= 0.06 ns

Working/studying (y/n) 2 742 0 0 0 0 4 585 (2*1+4*0)/6= 0.33 �

Global Assessment of Functioning (GAF) score 0 0 0 0 0 0 2 411 (2*0)/2= 0 ns

Current medical situation

Substance abuse 0 0 0 0 0 0 3 588 (3*0)/3= 0 ns

Treatment adherence 0 0 0 0 0 0 3 554 (3*0)/3= 0 ns

Symptoms

Negative symptoms 0 0 3 288 3 304 5 437 (3*-1+1*0.5+2*-0.5+5*0)/11= -0.32 ns

Positive symptoms 0 0 2 101 2 231 6 492 (2*-1+2*-0.5+6*0)/10= -0.3 ns

General symptoms 0 0 3 411 0 0 0 0 (3*-1)/3= -1 ��

Depressive symptoms 0 0 0 0 0 0 2 207 (2*0)/2= 0 ns

Insight 1 160 0 0 1 74 1 36 (1*1+1*0,5+1*0)/3= 0.5 ��

Neurocognitive functioning

Verbal learning and Memory 1 95 0 0 1 160 5 353 (1*1+1*0.5+5*0)/7= 0.21 ns

Attention 1 28 0 0 1 70 2 177 (1*1+1*0.5+2*0)/4= 0.38 �

Processing speed 2 255 0 0 0 0 3 235 (2*1+3*0)/5= 0.4 �

Working memory/executive functioning 2 68 0 0 5 403 2 201 (2*1+5*0.5+2*0)/9= 0.39 �

Composite score 0 0 0 0 0 0 3 290 (3*0)/3= 0 ns

Social cognition 0 0 0 0 0 0 2 190 (2*0)/2= 0 ns

Perception of emotions 1 100 0 0 0 0 1 81 (1*1+1*0)/2= 0.5 ��
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Table 9.5 Association between variables and vocational functioning by frequency counts

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Sex (male) 0 0 2 987 0 0 14 1257 (2*-1+14*0)/16= -0.13 ns

Age 1 33 2 727 2 255 15 1659 (1*1+2*-1+2*-0.5+15*0)/19= -0.11 ns

Ethnicity (ethnic majority background) 1 325 0 0 0 0 8 1199 (1*1+8*0)/9= 0.11 ns

Medical history

Age �rst psychosis 2 80 0 0 0 0 4 303 (2*1+4*0)/6= 0.33 �

Duration of illness 0 0 1 115 1 47 7 740 (1*-1+1*-0.5+7*0)/9= -0.17 ns

Duration of untreated psychosis 0 0 1 160 0 0 3 394 (1*-1+3*0)/4= -0.25 ns

Number of previous hospitalizations 0 0 1 101 0 0 4 578 (1*-1+4*0)/5= -0.2 ns

Total months of hospitalization 0 0 1 54 0 0 1 208 (1*-1+1*0)/2= -0.5 ��

Functioning

Better premorbid adjustment 0 0 0 0 1 74 4 453 (1*0.5+4*0)/5= 0.1 ns

Having a partner/ being married (y/n) 2 695 0 0 2 121 3 405 (2*1+1*0.5+1*-0.5+3x0)/7= 0.29 ns

Household emotional expression/disturbed family interaction 0 0 0 0 2 121 1 101 (2*-0.5+1*0)/3= -0.33 �

Independent living (y/n) 1 662 0 0 0 0 2 132 (1*1+2*0)/3= 0.33 �

Parental level of education 0 0 0 0 1 208 2 390 (1*0.5+2*0)/3= 0.17 ns

Higher IQ 1 26 0 0 1 53 5 446 (1*1+1*0.5+5*0)/7= 0.21 ns

Years education 2 256 0 0 2 399 15 1321 (2*1+2*0.5+15*0)/19= 0.16 ns

Working/studying (y/n) 5 963 0 0 1 41 5 396 (5*1+1*0.5+5*0)/11= 0.50 ��

Motivation for work 2 268 0 0 1 41 0 0 (2*1+1*0.5)/3= 0.83 ��

Global Assessment of Functioning (GAF) 1 74 0 0 0 0 3 507 (1*1+3*0)/4= 0.25 ns

Current medical situation

Substance abuse 0 0 0 0 1 69 3 421 (1*-0.5+3*0)/4= -0.13 ns

Symptoms

Negative symptoms 0 0 4 360 4 578 12 856 (4*-1+4*-0.5+12*0)/20= -0.3 ns

Positive symptoms 0 0 2 140 0 0 14 1179 (2*-1+14*0)/16= -0.125 ns

General symptoms 0 0 0 0 0 0 2 138 (2*0)/2= 0 ns

Total symptoms 0 0 1 86 0 0 1 96 (1*-1+1*0)/2= -0.5 ��

Depressive symptoms 0 0 0 0 1 153 4 307 (1*-0.5+4*0)/5= -0.11 ns

Diagnosis (schizophrenia vs other) 0 0 0 0 0 0 2 247 (2*0)/2= 0 ns
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Table 9.5 Association between variables and vocational functioning by frequency counts

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Sex (male) 0 0 2 987 0 0 14 1257 (2*-1+14*0)/16= -0.13 ns

Age 1 33 2 727 2 255 15 1659 (1*1+2*-1+2*-0.5+15*0)/19= -0.11 ns

Ethnicity (ethnic majority background) 1 325 0 0 0 0 8 1199 (1*1+8*0)/9= 0.11 ns

Medical history

Age �rst psychosis 2 80 0 0 0 0 4 303 (2*1+4*0)/6= 0.33 �

Duration of illness 0 0 1 115 1 47 7 740 (1*-1+1*-0.5+7*0)/9= -0.17 ns

Duration of untreated psychosis 0 0 1 160 0 0 3 394 (1*-1+3*0)/4= -0.25 ns

Number of previous hospitalizations 0 0 1 101 0 0 4 578 (1*-1+4*0)/5= -0.2 ns

Total months of hospitalization 0 0 1 54 0 0 1 208 (1*-1+1*0)/2= -0.5 ��

Functioning

Better premorbid adjustment 0 0 0 0 1 74 4 453 (1*0.5+4*0)/5= 0.1 ns

Having a partner/ being married (y/n) 2 695 0 0 2 121 3 405 (2*1+1*0.5+1*-0.5+3x0)/7= 0.29 ns

Household emotional expression/disturbed family interaction 0 0 0 0 2 121 1 101 (2*-0.5+1*0)/3= -0.33 �

Independent living (y/n) 1 662 0 0 0 0 2 132 (1*1+2*0)/3= 0.33 �

Parental level of education 0 0 0 0 1 208 2 390 (1*0.5+2*0)/3= 0.17 ns

Higher IQ 1 26 0 0 1 53 5 446 (1*1+1*0.5+5*0)/7= 0.21 ns

Years education 2 256 0 0 2 399 15 1321 (2*1+2*0.5+15*0)/19= 0.16 ns

Working/studying (y/n) 5 963 0 0 1 41 5 396 (5*1+1*0.5+5*0)/11= 0.50 ��

Motivation for work 2 268 0 0 1 41 0 0 (2*1+1*0.5)/3= 0.83 ��

Global Assessment of Functioning (GAF) 1 74 0 0 0 0 3 507 (1*1+3*0)/4= 0.25 ns

Current medical situation

Substance abuse 0 0 0 0 1 69 3 421 (1*-0.5+3*0)/4= -0.13 ns

Symptoms

Negative symptoms 0 0 4 360 4 578 12 856 (4*-1+4*-0.5+12*0)/20= -0.3 ns

Positive symptoms 0 0 2 140 0 0 14 1179 (2*-1+14*0)/16= -0.125 ns

General symptoms 0 0 0 0 0 0 2 138 (2*0)/2= 0 ns

Total symptoms 0 0 1 86 0 0 1 96 (1*-1+1*0)/2= -0.5 ��

Depressive symptoms 0 0 0 0 1 153 4 307 (1*-0.5+4*0)/5= -0.11 ns

Diagnosis (schizophrenia vs other) 0 0 0 0 0 0 2 247 (2*0)/2= 0 ns
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Table 9.5 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Neurocognitive functioning

Verbal learning and Memory 2 191 0 0 1 47 8 610 (2*1+1*0.5+8*0)/11= 0.14 ns

Attention 2 98 0 0 1 47 2 206 (2*1+1*0,5+2*0)/5= 0.50 ��

Processing speed 2 149 0 0 0 0 5 550 (2*1+5*0)/7= 0.29 ns

Working memory/  executive functioning 2 255 0 0 3 143 3 303 (2*1+3*0,5+2*0)/8= 0.44 �

Abstract reasoning 2 226 0 0 0 0 1 115 (2*1+1*0)/3= 0.67 ��

Composite score 1 123 0 0 0 0 2 227 (1*1+2*0)/3= 0.33 �

Self-stigma 0 0 2 163 0 0 0 0 (2*-1)/2= -1 ��

Table 9.6 Association between variables and independent living by frequency counts

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor
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Sex (male) 0 0 0 0 1 86 3 330 (1*-0.5+3*0)/4= -0.125 ns

Age 0 0 0 0 1 128 3 272 (1*-0.5+3*0)/4= -0.125 ns

Medical history

Age �rst psychosis 0 0 0 0 0 0 2 156 (2*0)/2= 0 ns

Duration of illness 0 0 1 70 0 0 2 134 (1*-1+2*0)/3= -0.33 �

Duration of untreated psychosis 0 0 0 0 0 0 2 322 (2*0)/2= 0 ns

Functioning

Independent living (y/n) 2 155 0 0 0 0 0 0 (2*1)/2= 1 ��

Years education 0 0 0 0 0 0 5 518 (5*0)/5= 0 ns

Working/studying (y/n) 1 100 0 0 0 0 1 86 (1*1+1*0)/2= 0.5 ��

Current medical situation

Symptoms

Negative symptoms 0 0 3 269 0 0 1 162 (3*-1+1*0)/4= -0.75 ��

Positive symptoms 0 0 0 0 1 70 3 361 (1*-0.5+3*0)/4= -0.13 ns

Depressive symptoms 0 0 0 0 0 0 2 201 (2*0)/2= 0 ns
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Table 9.5 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Neurocognitive functioning

Verbal learning and Memory 2 191 0 0 1 47 8 610 (2*1+1*0.5+8*0)/11= 0.14 ns

Attention 2 98 0 0 1 47 2 206 (2*1+1*0,5+2*0)/5= 0.50 ��

Processing speed 2 149 0 0 0 0 5 550 (2*1+5*0)/7= 0.29 ns

Working memory/  executive functioning 2 255 0 0 3 143 3 303 (2*1+3*0,5+2*0)/8= 0.44 �

Abstract reasoning 2 226 0 0 0 0 1 115 (2*1+1*0)/3= 0.67 ��

Composite score 1 123 0 0 0 0 2 227 (1*1+2*0)/3= 0.33 �

Self-stigma 0 0 2 163 0 0 0 0 (2*-1)/2= -1 ��

Table 9.6 Association between variables and independent living by frequency counts

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Sex (male) 0 0 0 0 1 86 3 330 (1*-0.5+3*0)/4= -0.125 ns

Age 0 0 0 0 1 128 3 272 (1*-0.5+3*0)/4= -0.125 ns

Medical history

Age �rst psychosis 0 0 0 0 0 0 2 156 (2*0)/2= 0 ns

Duration of illness 0 0 1 70 0 0 2 134 (1*-1+2*0)/3= -0.33 �

Duration of untreated psychosis 0 0 0 0 0 0 2 322 (2*0)/2= 0 ns

Functioning

Independent living (y/n) 2 155 0 0 0 0 0 0 (2*1)/2= 1 ��

Years education 0 0 0 0 0 0 5 518 (5*0)/5= 0 ns

Working/studying (y/n) 1 100 0 0 0 0 1 86 (1*1+1*0)/2= 0.5 ��

Current medical situation

Symptoms

Negative symptoms 0 0 3 269 0 0 1 162 (3*-1+1*0)/4= -0.75 ��

Positive symptoms 0 0 0 0 1 70 3 361 (1*-0.5+3*0)/4= -0.13 ns

Depressive symptoms 0 0 0 0 0 0 2 201 (2*0)/2= 0 ns
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Table 9.6 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Neurocognitive functioning

Verbal learning and Memory 1 95 0 0 1 70 4 426 (1*1+1*0.5+4*0)/6= 0.25 ns

Attention 2 135 0 0 0 0 1 153 (2*1+1*0)/3= 0.67 ��

Processing speed 2 160 0 0 0 0 2 313 (2*1+2*0)/4= 0.5 ��

Working memory/ executive functioning 1 40 0 0 2 165 4 426 (1*1+2*0.5+4*0)/7= 0.29 ns

Abstract reasoning 1 70 0 0 0 0 1 160 (1*1+1*0)/2= 0.5 ��

Composite score 3 300 0 0 0 0 1 153 (3*1+1*0)/4= 0.75 ��

Social cognition 2 155 0 0 0 0 1 162 (2*1+1*0)/3= 0.67 ��

All numbers in the columns ‘studies’ and ‘patients’ are counts (n)

1) positive predictor: presence of variable or higher score associated with higher chances on 

remission, better functioning at follow-up or higher chances on readmission.

2) negative predictor: presence of variable or higher score associated with lower chances on 

remission, worse functioning at follow-up or lower chances on readmission.

3) inconclusive: studies investigating the same or overlapping cohorts report di�erent results OR 

di�erent ways to measure the variable or di�erent statistic methods yield mixed results.

4) Weighting of results: positive predictor = +1 point/study, negative predictor= -1 point/study, 

inconclusive = + or – 0.5 point/study, not signi�cant = 0 point/study.

5) Coding for table 1 in main article: � presence or higher score on variable is associated with 

higher chance on outcome (outcome weighting of results �0.33 but <0,5), �� presence or higher 

score on variable is strongly associated with higher chance on outcome (outcome weighting of 

results �0,5), � presence or higher score on variable is associated with lower chance on outcome 

(outcome weighting of results � -0.33 but > -0,5), �� presence or higher score on variable is strongly 

associated with lower chance on outcome (outcome weighting of results � -0,5), NS = not signi�cant: 

�67% of analyzed studies showed no signi�cant association between variable and outcome, empty 

cell = investigated �1X.



89

Table 9.6 Continued

Variable Positive 

predictor 1

Negative 

predictor 2

Inconclusive3 No signi�cant 

predictor

Weighting of results4
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Neurocognitive functioning

Verbal learning and Memory 1 95 0 0 1 70 4 426 (1*1+1*0.5+4*0)/6= 0.25 ns

Attention 2 135 0 0 0 0 1 153 (2*1+1*0)/3= 0.67 ��

Processing speed 2 160 0 0 0 0 2 313 (2*1+2*0)/4= 0.5 ��

Working memory/ executive functioning 1 40 0 0 2 165 4 426 (1*1+2*0.5+4*0)/7= 0.29 ns

Abstract reasoning 1 70 0 0 0 0 1 160 (1*1+1*0)/2= 0.5 ��

Composite score 3 300 0 0 0 0 1 153 (3*1+1*0)/4= 0.75 ��

Social cognition 2 155 0 0 0 0 1 162 (2*1+1*0)/3= 0.67 ��

All numbers in the columns ‘studies’ and ‘patients’ are counts (n)

1) positive predictor: presence of variable or higher score associated with higher chances on 

remission, better functioning at follow-up or higher chances on readmission.

2) negative predictor: presence of variable or higher score associated with lower chances on 

remission, worse functioning at follow-up or lower chances on readmission.

3) inconclusive: studies investigating the same or overlapping cohorts report di�erent results OR 

di�erent ways to measure the variable or di�erent statistic methods yield mixed results.

4) Weighting of results: positive predictor = +1 point/study, negative predictor= -1 point/study, 

inconclusive = + or – 0.5 point/study, not signi�cant = 0 point/study.

5) Coding for table 1 in main article: � presence or higher score on variable is associated with 

higher chance on outcome (outcome weighting of results �0.33 but <0,5), �� presence or higher 

score on variable is strongly associated with higher chance on outcome (outcome weighting of 

results �0,5), � presence or higher score on variable is associated with lower chance on outcome 

(outcome weighting of results � -0.33 but > -0,5), �� presence or higher score on variable is strongly 

associated with lower chance on outcome (outcome weighting of results � -0,5), NS = not signi�cant: 

�67% of analyzed studies showed no signi�cant association between variable and outcome, empty 

cell = investigated �1X.
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ABSTRACT

Background: There is no consensus on the de�nition of recovery of people with psychosis. 

This may be attributed to the broad concept including clinical, functional and personal 

recovery domains and the diverse interests of stakeholders involved. We hypothesized that 

service users, informal caregivers and health care professionals would exhibit di�erences 

in prioritization, re�ecting varying roles and viewpoints.

Methods: Through an open online anonymous questionnaire, stakeholders shared their 

perspectives on most important aspects of clinical, functional and personal recovery 

and on facilitators and barriers of recovery. Stakeholder collaboration in study design 

and interpretation enhanced the study’s robustness. The answers on open questions of 

respondents were categorized for statistical analyses to compare the answers between 

respondent groups on the di�erent aspects of recovery.

Results: 226 stakeholders participated. While similarities dominated, distinctions emerged 

in recovery domain priorities. Service users and informal caregivers accorded equal 

importance to clinical, functional and personal recovery, whereas health care professionals 

emphasized clinical recovery. Regarding functional recovery, service users seemed to focus 

on practical issues while informal caregivers addressed the underlying causes. Disparities 

were notable in the role of health care that was considered as both a facilitator or a barrier 

to recovery, with informal caregivers prioritizing aspects of health care more frequently as 

most important than health care professionals.

Conclusions: While commonalities prevailed, we identi�ed several di�erences in prioritizing 

recovery domains among stakeholder groups. Awareness and understanding of these 

di�erences are crucial for e�ective communication and collaboration among stakeholders 

in recovery-oriented health care. The study underscores the need for ongoing dialogue 

between stakeholders.
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INTRODUCTION

Psychotic disorders, with a lifetime prevalence of 1%, signi�cantly impact various aspects 

of life.1 Beyond challenging symptoms, people with (a history of) psychosis experience 

challenges in social, societal and personal functioning. Understanding the outcomes of 

people with psychosis requires a comprehensive approach with attention for di�erent 

domains of recovery such as clinical, functional and personal recovery. Clinical recovery is 

de�ned as the reduction or remission of symptoms, functional recovery as improvement in 

occupational, social and adaptive functioning, and personal recovery as the development 

of personally valued goals, meaning and identity. 19 However, the lack of consensus on 

outcomes de�nitions persists, as exempli�ed by a survey of 10,000 trials in schizophrenia, 

which employed 2194 di�erent outcome scales. 20 The wide variety of outcome measures 

hinders the comparability of study results and the translation of research �ndings into 

individual patient care. 106-108

This lack of consensus may be attributed to the diverse interests of stakeholders involved. 

Historically, health care professionals (HCPs) primarily focused on outcomes determined 

by symptomatic relief, equating recovery with a return to the status before the onset. Over 

time, the deinstitutionalization of mental health care and the emergence of the recovery 

movement shi�ted the focus to community functioning and self-determination. 12, 109 Today, 

recovery-oriented health care places the diverse needs of people with psychosis at the 

center of treatment, recognizing their unique experiences, initiatives, desires, and goals. 12 

From this perspective, recovery is an ongoing, highly personalized, non-linear trajectory. 14 

While the philosophy of recovery-oriented care enjoys widespread support, variations 

persist in the prioritized domains of outcomes. A study investigating remission as perceived 

by triads of service users, family members and HCPs showed that in only 18% all three 

agreed in their assessments of remission.23 HCPs most o�ten emphasize clinical recovery, 

prioritizing symptom reduction, fewer hospitalizations, and treatment adherence. 23-25 

Informal caregivers (ICs) more o�ten emphasize the importance of clinical and functional 

recovery, prioritizing symptom reduction as well as psychosocial outcomes like having 

relationships, reduced stress, daytime activities and becoming more independent. 24, 26, 

27 People with psychosis more o�ten emphasize both functional and personal recovery, 

prioritizing recovered capacity for work, subjective well-being, being accepted and self-

respect.24, 27, 28 To collaborate e�ectively, stakeholders must be aware of the di�erences in 

perspectives and the potential underlying causes. The di�erences in perspectives may be 

linked to the culture and paradigm of mental health care in which, according to all three 

stakeholder groups, both ‘stigma’ and ‘not speaking the same language’ may act as barriers 

to equal participation. 110
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Several gaps were identi�ed in existing studies focusing on stakeholder perspectives on 

recovery. First, many studies focus on a selection of stakeholder groups and/or domains 

of outcome. Second, many studies use focus groups with small selections of participants. 

Third, the wide variety of research designs used makes data pooling and comprehensive 

conclusions challenging. We found only three studies that compared the perspectives of 

service users, ICs and HCPs; the �rst investigated the desired outcome of a treatment program 

for ‘di�cult to treat’ schizophrenia with focus groups, 24 the second investigated whether triades 

of stakeholders considered the individual service users in remission, 23 and the third study 

aimed to propose a theoretical explanation of the recovery process using the Grounded Theory 

approach.111 Fourth, there is a need for the involvement of service users and caregivers in the 

research design in this �eld, to make sure the right questions are asked and the results are 

interpretated correctly. 35

To add knowledge to these gaps and gain contemporary insights on stakeholder perspectives 

on recovery of people with psychosis, we conducted a questionnaire-based research project. 

Service users, ICs and HCPs were involved in the development of the questionnaire and 

interpretation of results. Our primary research goal was to gain insight in the aspects that are 

considered most important by service users, ICs and HCPs to achieve clinical, functional and 

personal recovery and to identify similarities and di�erences in perspective between these 

groups. Our secondary research goal was to identify the priorities, similarities and di�erences 

in perspective on facilitators and barriers of recovery between stakeholder groups.

METHODS

Study design

Three groups – service users with (a history of) psychosis (SUs), ICs and HCPs of service 

users with (a history of) psychosis – reported their views on di�erent aspects of recovery in 

an anonymous online survey. The study had a mixed-method design, combining elements 

of quantitative and qualitative research methods to answer the research question. The 

answers to open questions of respondents were categorized for statistical analyses to 

compare the answers between respondent groups on the di�erent aspects of recovery. 

The Ethics Committee of the University Medical Centre Utrecht gave permission for this 

study (protocol number 21-068-C).

Respondents and settings

The invitation to participate was spread via LinkedIn, online forums for service users, 

service user associations, associations for ICs of people with psychosis, recovery colleges112 

and organizations for mental health care. The invite comprised a link to the online secure 



95

survey so�tware program Castor EDC (Electronic Data Capture).113 Informed consent was 

required before respondents could start �lling in the survey. The survey was conducted 

from February 2021 to January 2022. Eligibility criteria were having experience with psychosis 

(regardless of diagnostic classi�cation) as a service user, IC or HCP and being able to read 

and write Dutch. Service users, ICs and HCPs could participate independently, they did not 

have to be related to each other.

Survey

The survey was developed with, and pretested by service users, an IC and HCPs to ensure 

that the right questions were asked and that questions were clear.

The �rst part of the survey consisted of closed-ended questions. First, respondents’ 

demographic characteristics were collected, including age, sex, level of education and 

being spiritual. In addition, ICs were asked about their relationship with the service user 

and the frequency of contact. HCPs were asked about their profession, the treatment 

setting they were working in and years of work experience in mental health care. Second, 

for service users and ICs, service user characteristics (for service users about themselves, 

for ICs about their loved one) were collected, including demographic information, DSM-

classi�cation, treatment setting and recovery phase. Recovery phase was divided into 

four categories; being overwhelmed by, struggling with, living with and living beyond the 

disease.114, 115

In the second part of the survey, that consisted of open-ended questions, respondents 

were asked which aspects of outcome were deemed most important to them. To guide the 

thinking process, respondents were asked to answer this question regarding the following 

domains of outcome; clinical recovery, functional recovery (split up into independent 

living, social participation, daytime activities and other aspects) and personal recovery. 

For each domain of outcome respondents were asked; ‘In your opinion, which aspects of 

[domain] are most hindering to you/your loved one/your service users? On which aspect 

of [domain] should the treatment be focused primarily?’ For each domain of outcome 

respondents could provide and prioritize a maximum of �ve answers. Respondents had 

the option to skip speci�c questions. Unanswered questions were categorized under a 

‘no answer’ response category, rather than being treated as missing data. At the end of 

this part of the questionnaire, respondents were asked to sort their own answers to all 

questions from most important to least important.

In a third part of the survey, about factors that in�uence recovery, respondents were asked 

to name and prioritize a maximum of �ve facilitators of recovery, barriers of recovery, and 

personal strengths of service users that contribute to recovery.
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Data analysis

The answers of respondents were exported as data strings from Castor EDC, resulting 

in an excel based data �le with answers on both the closed-ended and open-ended 

questions. All respondents that provided at least one answer in the second (domains 

of recovery) or third (facilitators and barriers) part of the questionnaire were included 

for analysis.

For the content analysis of the answers provided for each open-ended question, 

coding categories were established by two researchers (VvD and WS). The researchers 

primarily used conventional content analysis, allowing categories to be derived directly 

from the data for each open question. 116 When this resulted in an excessive number of 

small, narrowly de�ned categories, a directed content analysis strategy was applied. 

In directed content analysis, existing theory and prior research is used to establish 

coding categories.116 All answers were coded independently by two researchers (VvD and 

WS), according to the established categories. Di�erences in judgement were settled in 

consensus meetings.

The statistical analysis was done using R version 4.3.1 (2023-06-16). The characteristics 

of respondent groups were compared using Fisher’s exact tests for the comparison of 

proportions and ANOVA for continuous data.

To answer our primary and secondary research questions, for each open question (all 

domains of outcome and factors that in�uence recovery) we analyzed the answer deemed 

most important by each respondent as described below.

For the most important answers on questions about domains of outcome (clinical, 

functional (independent living, social, daytime activities, other) and personal) the following 

analyses were performed;

•	 For each domain of outcome, we tested if the distributions of all answers across the 

answer categories (established with content analysis) di�ered signi�cantly between 

respondent groups. Fisher-Freeman-Halton exact tests and pairwise Fisher’s exact 

tests with simulated p-values based on 10,000 replicates were used.

•	 For each answer category within each domain of outcome (e.g., positive symptoms 

for clinical recovery):

•	 We tested if there was a di�erence in proportion of respondents that provided an 

answer in the investigated answer category between respondent groups.

•	 First, Fisher-Freeman-Halton exact tests with simulated p-values based on 10,000 

replicates were used to compare the three respondent groups together.
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•	 Second, for pairwise comparisons of respondent groups we used logistic 

regression with the answer category as dependent variable (e.g., if an answer in 

the answer category positive symptoms was given for clinical recovery yes/no) 

and the respondent groups (pairwise; SUs, ICs or HCPs) as independent variables.

•	 Third, to control for possible confounding aspects on which the respondent 

groups di�ered, the same logistic regressions were performed with addition of 

the following covariates: sex of respondent (male/female), level of education, 

(higher/lower), being spiritual (yes/no), sex of service user (male/female), primary 

psychiatric diagnosis (schizophrenia spectrum disorder (SSD) versus bipolar), 

treatment setting (no or outpatient versus inpatient) and recovery phase (late/

early). For the data-analysis the recovery phases ‘being overwhelmed by’ and 

‘struggling with’ the disease were merged into early phases of recovery and ‘living 

with’ and ‘living beyond’ the disease into ‘late’ phases of recovery. Because health 

care professionals reported on their client populations instead of on individual 

service users, the following parameters were not available for this group: years 

since �rst psychosis, sex of service user and diagnosis (supplement 1).

A Bonferroni correction was performed for each domain of outcome, with � = 0.05 

divided by the number of independent hypotheses. The number of independent 

hypotheses for each domain was calculated as 2 (for 3 dependent pairwise 

comparisons) * number of answer options.

•	 Answer categories that contained less than 5 answers in total by all respondent 

groups together were excluded for analysis.

The same analyses as for domains of recovery were performed on the answers to questions 

about facilitators and barriers of recovery and personal strengths that contribute to recovery.

In an additional explorative analysis, we checked if the results changed when we analyzed all 

(maximum �ve) answers of respondents instead of only the one deemed most important by 

the respondent. The proportion of occurrence of answers in answer categories were visualized 

and compared to the results of analysis of most important answer only.

Interpretation of results

A�ter data analysis, the results were presented to a research panel comprising six people with 

(a history of) psychosis, two family members of people with psychosis, four mental health 

care practitioners, and two researchers. Panel members �rst provided written feedback on the 

�ndings, identifying signi�cant results and o�ering interpretations. Subsequently, three panel 

discussions were held to further analyze and interpret the results, ensuring a comprehensive 

evaluation from diverse perspectives.
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RESULTS

Respondent characteristics

106 SUs, 51 ICs and 69 HCPs completed the survey. The baseline characteristics of each 

respondent group with comparisons between respondent groups are summarized in 

table 1 and table 2. Of all respondents, 65% were female. Most ICs (69%) were parents 

and signi�cantly older than SUs and HCPs. Most HCPs were psychiatrist (26%), resident 

in psychiatry (14%) or nurse (32%). ICs reported mainly on service users classi�ed with 

schizophrenia (55%), while in the SU group schizoa�ective and bipolar disorders were 

common as well (12 and 33%, respectively). None of the SUs and ICs reported (their loved 

one) being classi�ed with a depression with psychotic features.

‘No treatment’ or ‘outpatient treatment’ was the most common treatment setting for service 

users in all respondent groups (64-99%). Regarding recovery phase, most SU respondents 

were living with or beyond the disease (90%) while the ICs and HCPs report on service 

users they classi�ed in early phases of recovery more frequently (41 and 57%, respectively).

Domains of recovery

Clinical recovery

With conventional content analysis ten answer categories were established (�gure 

1, supplement 2). SUs deemed ‘cognitive symptoms’ (e.g., concentration problems and 

overstimulation) most o�ten as most important answer category, followed by ‘physical 

symptoms’ (especially poor sleep and fatigue) and ‘a�ective symptoms’ (24%, 21% and 

16%, respectively). ICs deemed ‘positive symptoms’ most o�ten as most important answer 

category, followed by ‘a�ective’ (especially depressive symptoms and anxiety) and 

‘cognitive symptoms’ (22%, 16% and 14%, respectively). HCPs deemed ‘positive symptoms’ 

(delusions, as well as hallucinations and formal thought disorders) most o�ten as most 

important answer category, followed by ‘negative symptoms’ (especially social withdrawal 

and apathy) and ‘cognitive symptoms’ (36%, 22% and 17%, respectively).

Correction for covariates showed that ‘negative symptoms’ were mentioned by a higher 

proportion of HCPs than of SUs (OR 6.39, 95%CI 1.32-37.57, p = 0.03) (table 3). ‘Aspects of 

functional recovery’ as most important aspect of clinical recovery were mentioned by a 

higher proportion of ICs than of SUs (OR 32.82, 95%CI 2.47-1752.86, p = 0.03) (table 3). A�ter 

Bonferroni correction for multiple testing (� = 0.004) these di�erences were no longer 

signi�cant. An overview of the results of all statistical analysis is provided in supplement 2. 
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Table 1. Baseline characteristics of respondents

Variable SUs

(n = 106)

ICs

(n = 51)

HCPs

(n = 69)

Test 

statistic 1

p

Mean age, years (SD) 44.4 

(11.4)

59.4 

(13.3)

44.1 

(10.9)

F(2) = 

34.15

<0.001

Female sex, % 62.3 72.5 62.3 FE 0.41

Respondent born in the Netherlands, % 96.2 94.1 91.3 FE 0.22

Parents respondent born in Netherlands, % 85.8 88.2 88.4 FE 0.83

Educational level 2, % FE <0.001

Low + Medium 38.7 25.5 7.2

High 61.3 74.5 92.8

Being spiritual; yes, % 27.4 29.4 11.6 FE 0.016

Relationship with service user, %

Parent 68.6

Sibling 11.8

Partner 11.8

Other 7.8

Frequency of contact, %

Daily 39.2

At least ones a week 51.0

Several times a month or less 9.8

Profession (%)3

Nurse 33.3

Psychologist 11.6

Doctor 40.6

Other 14.5

Years work experience, %

<5 year 29.0

5-10 years 13.0

>10 years 58.0

1 Test statistics: ANOVA for comparison of means, Fisher Exact for comparison of proportions.

2 Level of education: Low = ISCED level 0 – 2; Medium = ISCED level 3–5, High = ISCED level 6 – 8. 

OECD, European Union, UNESCO Institute for Statistics. ISCED 2011 Operational Manual: Guidelines 

for Classifying National Education Programs and Related Quali�cations. OECD Publishing; 2015.

3 The category ‘other professions’ contains �ve supported living workers, three social workers, one 

rehabilitation specialist and one psychomotor therapist.
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Table 2. Baseline characteristics of service users as reported by the di�erent stakeholders groups

Variable SUs

(n = 106)

ICs

(n = 51)

HCPs

(n = 69)

Test 

statistic 1

p

Mean age, years (SD) 44.4 

(11.4)

40.5 

(14.9)

F(1) = 

3.38

0.07

Female sex, % 62.3 31.4 FE <0.001

First psychosis, % FE 0.13

< 2 years ago 9.4 13.7

2-5 years ago 19.8 13.7

5-10 years ago 16.0 5.9

>10 years ago 54.7 64.7

Unknown 0.0 2.0

Diagnosis, %2 FE 0.002

Schizophrenia spectrum disorder 67.0 90.2

Bipolar disorder 33.0 9.8

Treatment setting, % 3,4 FE <0.001

Inpatient treatment 0.9 13.7 36.2

Living situation, % FE <0.001

Independent 93.4 70.6

Supported/sheltered housing 6.6 19.6

Long-term admission 0.0 9.8

Recovery phase, %4 FE <0.001

Overwhelmed by or struggling with disease 10.4 41.2 76.8

Living with or beyond the disease 89.6 58.8 23.2

1 Test statistics: ANOVA for comparison of means, Fisher Exact for comparison of proportions.

2 The question about diagnosis included all schizophrenia spectrum disorders, bipolar disorder, 

‘other’ and ‘unknown’ as answering options. All answers of schizophrenia spectrum disorders, 

‘other’ (SUs 19.8%, ICs 11.8%) and ‘unknown’ (SUs 5.7%, ICs 9.8%) were merged into ‘schizophrenia 

spectrum disorders’ in this table.

3 Treatment setting: 21 SUs and 7 ICs reported about were not under treatment. 10 HCPs were 

working in both outpatient and inpatient treatment settings, they were added to the ‘inpatient’ 

category.

4 SUs and ICs report about individual service users (themselves or their loved ones), while HCPs 

report about their total client population. To highlight this di�erence, data of HCP data are displayed 

in italics.
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Table 3. Di�erences in most important aspects of recovery between service users, informal 
caregivers and health care professional

SUs vs ICs ICs vs HCPs SUs vs HCPs

DOMAINS OF RECOVERY

Clinical recovery Aspects of functional 
recovery that 

in�uence clinical 
recovery

(IC > SU) OR 32.82*

Negative symptoms 
(HCP > SU) OR 6.39*

Functional recovery

Independent living Planning & 
organization

(IC > SU) OR 8.80*

Social

Daytime activities Fatigue and physical 
limitations: 

(IC > SU) OR 29.99*

Other aspects of functional recovery

Personal recovery Connectedness
(HCP < IC) OR 0.30*

Priority of domains of 
recovery

Functional recovery 
(HCP < IC) OR 0.22*

Functional recovery 
(HCP < SU) OR 0.18*

FACTORS THAT INFLUENCE RECOVERY

Facilitators of recovery Health care
(HCP < IC) OR 0.22**

Acceptance & insight
(HCP > SU) OR 25.74*

Lifestyle
(HCP < SU) OR 0.05*

Barriers of recovery Health care
(HCP < IC) OR 0.13**

Health care
(HCP < SU) OR 0.12*

Personal strengths that 
facilitate recovery

Social capacities
(OR HCP < IC) OR 0.12*

* p<0.05, ** p <0.01. < means less o�ten than, > means more o�ten than.
Only signi�cant results of logistic regressions with covariate adjustment and without Bonferroni 
correction are displayed. An empty cell means that there were no signi�cant di�erences between the 
groups for all investigated answer categories. A complete overview of the results for all investigated 
answer categories is displayed in Online Resource 2.
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Figure 1. Most important aspects of recovery
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Functional recovery

Conventional content analysis of the four subdomains of functional recovery (independent 

living, social functioning, daytime activities and other aspects of functional recovery) 

resulted in very similar answer categories. Therefore, we established the same 14 coding 

categories for these subdomains, facilitating easier comparison. All answers regarding 

intake or adherence to medication or treatment were coded as (treatment of) ‘mental 

problems/handling stress’ (�gure 1, supplement 2).

Independent living

SUs deemed ‘household chores’ most o�ten as most important answer category, followed 

by ‘�nance/�nancial conditions’ and ‘self-care’ (13%, 5% and 5% respectively). ICs deemed 

‘mental problems/handling stress’ most o�ten as most important answer category, followed 

by ‘planning/organizing’ and ‘social contacts/participating’ (14%, 12% and 8% respectively). 

HCPs deemed ‘self-care’ most o�ten as most important, followed by ‘household chores’, 

having ‘job/school/rehabilitation’ and ‘planning/organizing’ (20%, 13%, 9% and 9%, 

respectively).

Correction for covariates showed that ‘planning/organizing’ (e.g., having a daily routine) 

was mentioned by a higher proportion of ICs than of SUs (OR 8.62, 95%CI 1.38-89.20, p = 

0.04) (table 3). A�ter Bonferroni correction for multiple testing (� = 0.003) this di�erence 

was no longer signi�cant. An overview of the results of all statistical analysis is provided 

in supplement 2.

Social functioning

All three respondent groups deemed ‘social contacts/participating’ most o�ten as most 

important answer category (35% of SUs, 43% of ICs, 52% of HCPs), followed by ‘mental 

problems/handling stress’ (6% of SUs, 14% of ICs, 6% of HCPs). In addition, ICs mentioned 

‘job/school/rehabilitation’ (10%) and SUs and HCPs ‘(self)stigma/social inclusion’ as third 

most important (5% of SUs, 6% of HCP).

Correction for covariates showed no di�erences between groups (table 3). An overview of 

the results of all statistical analysis is provided in supplement 2.

Daytime activities

‘Job/school/rehabilitation’ was deemed most o�ten as most important answer category by 

all three respondent groups (by 24% of SUs and 42% of ICs and HCPs), followed by ‘mental 

problems/handling stress’ (4% of SUs, 10% of ICs and HCPs). SUs and HCPs mentioned 

‘planning/organizing’ as third most important. (5% of SUs and 3% of HCPs), while ICs mentioned 

‘fatigue/physical limitations’ o�ten (10%) as most important as well.
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Correction for covariates showed ‘fatigue/physical limitations’ was mentioned as most 

important by a higher proportion of ICs than of SUs (OR 29.99, 95%CI 2.51-1173.66, p = 0.02) 

(table 3). A�ter Bonferroni correction for multiple testing (� = 0.004) these di�erences were 

no longer signi�cant. An overview of the results of all statistical analysis is provided in 

supplement 2.

Other aspects of functional recovery

SUs deemed ‘mental problems/handling stress’ most o�ten as most important answer 

category (9%). ICs deemed ‘social contacts/participating’ most o�ten as most important 

answer category, followed by ‘fatigue/physical limitations’ (10% and 6% respectively). HCPs 

deemed ‘(self)stigma/social inclusion’ most o�ten as most important (12%), and this answer 

category was deemed important by SUs and ICs as well (both 6%). In addition, HCPs frequently 

mentioned ‘job/school/rehabilitation’ as most important (7%). Answers that could not be 

coded in other answer categories (category ‘other aspects’) were frequently provided by all 

respondent groups (17% of HCPs, 12% of ICs and 7% of SUs). In this ‘other aspects’ category 

aspects of meaning in life, hope and perspective, and professional mental health care were 

deemed important by all respondent groups.

Correction for covariates showed no di�erences between groups (table 3). An overview of 

the results of all statistical analysis is provided in supplement 2.

Personal recovery

Because conventional content analysis resulted in too many, detailed categories, the 

CHIME framework (Connectedness, Hope and optimism about the future, Identity, Meaning 

in Life, Empowerment - giving the acronym CHIME) was used as a starting point for coding 

categories.117 The importance of CHIME is widely endorsed in recovery literature.62 Studies 

investigating the applicability of the CHIME framework from a service users perceptive 

have supported the category structure.118-120 Our data did not provide a basis for further 

subdividing the CHIME criteria. 13% of answers could not be categorised according to 

the CHIME categories. With conventional content analysis, the categories ‘lifestyle’ and 

‘acceptance of/insight into illness’ were added. This resulted in a total of seven coding 

categories (�gure 1, supplement 2).

All three respondent groups deemed the same three answer categories most o�ten as 

most important, namely ‘connectedness’ (13% of service users, 27% of ICs and 12% HCPs), 

‘meaning (of life)’ (21% of SUs, 14% of ICs and 19% of HCPs) and ‘empowerment’ (15% of 

SUs, 10% of ICs, 19% of HCPs). In addition, SUs deemed ‘lifestyle’ (e.g., balance, relaxation 

and being physically �t) o�ten as most important (12%), ICs ‘acceptance of/insight into 

illness’ (10%) and HCPs ‘identity’ (10%).
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Correction for covariates showed that ‘connectedness’ was mentioned as most 

important by a lower proportion of HCPs than of ICs (OR 0.30, 95%CI 0.09-0.91, p = 0.04) 

(table 3). A�ter Bonferroni correction for multiple testing (� = 0.004) this di�erence was 

no longer signi�cant. An overview of the results of all statistical analysis is provided 

in supplement 2.

Domains of outcome

SUs and ICs equally emphasized the importance of clinical, functional, and personal 

recovery aspects. HCPs deemed aspects of clinical recovery most o�ten as most important 

(29%), followed by aspects of personal recovery (22%).

Correction for covariates showed that aspects of functional recovery were mentioned 

as most important by a lower proportion HCPs than of SUs (OR 0.18, 95%CI 0.03-0.78, p = 

0.04) and of ICs (OR 0.22, 95%CI 0.06-0.70, p = 0.02) (table 3). A�ter Bonferroni correction (� 

= 0.006) for multiple testing this di�erence was no longer signi�cant. An overview of the 

results of all statistical analysis is provided in supplement 2.

Factors that in�uence recovery

Facilitators of recovery

With conventional content analysis, eight coding categories were established (�gure 2, 

supplement 2). All three respondent groups deemed ‘contact/support’ (23% SUs, 25% 

ICs, 30% HCPs) and ‘health care’ (35% SUs, 31% ICs, 13% HCPs) o�ten as most important. 

In addition, SUs and ICs o�ten mentioned ‘lifestyle’ as most important (15% and 12%, 

respectively), while HCPs more o�ten mentioned ‘optimism/con�dence/coping’ (12%) and 

‘acceptance/insight’ (9%).

Correction for covariates showed that ‘acceptance/insight’ was mentioned as most 

important by a higher proportion of HCPs than of SUs (OR 25.74, 95%CI 1.69-840.92, p = 

0.03) (table 3). ‘Lifestyle’ was mentioned by a lower proportion of HCPs than of SUs (OR 

0.05, 95%CI 0.00-0.52, p = 0.04) (table 3). ‘Health care’ was mentioned by a lower proportion 

of HCPs than of ICs (OR 0.22, 95%CI 0.07-0.65, p = 0.01) (table 3). A�ter Bonferroni correction 

for multiple testing (� = 0.004) these di�erences were no longer signi�cant. An overview 

of the results of all statistical analysis is provided in supplement 2.

Barriers of recovery

With conventional content analysis, 10 coding categories were established (�gure 2, 

supplement 2). SUs most o�ten mentioned ‘(self)stigma’ as most important barrier for 

recovery (18%), ICs ‘health care’ (27%) and HCPs ‘mental symptoms’ (32%).
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Correction for covariates showed that ‘health care’ was mentioned by a lower proportion 

of HCPs than of ICs (OR 0.13, 95%CI 0.03-0.46, p = 0.003) and SUs (OR 0.12, 95%CI 0.02-0.63, p 

= 0.02) (table 3). A�ter Bonferroni correction for multiple testing (� = 0.004) the di�erence 

between ICs and HCPs remained signi�cant. An overview of the results of all statistical 

analysis is provided in supplement 2.

Personal strengths that facilitate recovery

With conventional content analysis, ten coding categories were established (�gure 2, 

supplement 2). All respondent groups most o�ten mentioned ‘resilience/active coping’ as 

the most important personal strength that facilitates recovery.

0 20 40 60 80 100

0 20 40 60 80 100 0 20 40 60 80 100

Figure 2. Factors that in�uence recovery
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Correction for covariates showed that ‘social capacities’ were mentioned by a lower 

proportion of HCPs than of ICs (OR 0.12, 95%CI 0.01-0.71, p = 0.03) (table 3). A�ter Bonferroni 

correction for multiple testing (� = 0.003) this di�erence was no longer signi�cant. An 

overview of the results of all statistical analysis is provided in supplement 2.

Explorative analysis of all provided answers

We checked if the proportions of answer categories for the domains of outcome changed 

when we used all answers instead of only the ones deemed most important by the 

respondent for analysis. Results are displayed in supplement 3. For clinical recovery, we 

found that the strong prioritization on positive symptoms among HCPs became smaller 

when analyzing all answers. Because of that, the priorities of HCPs became more similar 

to those of SUs and ICs in the analysis of all answers. For independent living, we found 

that in all respondent groups �nancial conditions and lifestyle factors were mentioned 

relative more frequently when analyzing all answers. For the other domains of recovery 

and factors that in�uence recovery, the results of the analysis of all answers were in line 

with the results of the analysis of most important answer only.

DISCUSSION

In this exploratory study, we investigated the priorities regarding the recovery outcomes 

of psychotic disorders from the perspectives of SUs, ICs, and HCPs. In addition, we looked 

at factors that according to these groups promote or hinder recovery. While we identi�ed 

several di�erences among stakeholder groups, commonalities prevailed.

Summary of results

All stakeholder groups recognized the importance of the pursuit of both clinical, functional, 

and personal recovery. However, SUs and ICs appeared to assign equal value to these 

domains, whereas HCPs prioritized clinical recovery, followed by personal recovery. 

Concerning functional recovery, stakeholder groups generally agreed on the most 

crucial aspects. Notably, some disparities emerged between ICs and SUs. ICs prioritized 

‘planning/organizing’ for independent living and ‘fatigue/physical limitations’ for daytime 

activities more frequently than SUs. In terms of personal recovery, the only di�erence 

between stakeholder groups was the prioritization of ‘connectedness’. ICs considered 

‘connectedness’ as most important, prioritizing it more o�ten than SUs.

The primary di�erences in the priorities of factors that in�uence recovery among 

stakeholder groups were related to the role of ‘mental health care’. ICs prioritized ‘health 

care’ more o�ten than HCPs as a facilitator of recovery, and both SUs and ICs identi�ed 
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problems with ‘health care’ more frequently as a signi�cant barrier to recovery compared 

to HCPs. In addition, SUs more o�ten prioritized ‘lifestyle‘ as a facilitator of recovery 

compared to HCPs, and ICs more o�ten emphasized ‘social capacities’ as a facilitator of 

recovery compared to HCPs. Finally, HCPs emphasized ‘acceptance/insight’ more o�ten 

than SUs as a facilitator of recovery.

Interpretation of results

Regarding prioritization of domain of outcome, our �ndings suggest smaller di�erences 

between stakeholder groups than other studies, 23, 24 but similar trends persist. These trends 

also appear in the priorities of factors that might in�uence recovery where HCPs more o�ten 

prioritize clinical aspects (‘acceptance/insight’), while ICs and SUs more o�ten prioritize 

functional and personal aspects (‘health care’, ‘lifestyle’ and ‘connectedness’). Results 

regarding the most important aspects of functional recovery indicate that our division 

into subdomains is somewhat arti�cial, as the same aspects are mentioned across most 

subdomains. This can be explained by the fact that functioning well in one subdomain 

(e.g., social) contributes to functioning well in another subdomain (e.g., daytime activities). 

Above all, and in line with previous research, the answers regarding functional recovery 

expressed the need to be self-su�cient. 24 The results of the analysis of all answers were 

mostly in line with the results of the analysis of most important answer only. The observed 

di�erences in responses suggest that respondents adhered to the instruction to prioritize 

their answers, placing what they deemed most important �rst. Upon analyzing all answers, 

it became apparent that responses were more evenly distributed across various categories, 

and respondents included more conditions deemed necessary by them for recovery.

Our research revealed some important di�erences in recovery priorities among stakeholder 

groups. An important aspect that might contribute to these di�erences are the di�erent 

roles and viewpoints of the stakeholders involved. In our study, SUs most likely reported 

from their own perspective while ICs and HCPs most likely incorporated both their own 

and the service user perspective in their answers. For instance, HCPs might emphasize 

aspects of clinical recovery due to their sense of responsibility for the safety of service 

users and their surrounding environments, particularly when the psychotic symptoms 

lead to behaviors that pose serious harm to the service user or others. Furthermore, the 

treatment options available to HCPs o�ten target symptomatic relief. The emphasis on 

‘connectedness’ by ICs might re�ect their own strong desire to maintain an appropriate 

relationship with those they care for. 121 Additionally, worries about the small social network 

of those they care for could stem from their own social needs, excessive concern, or fears 

about the future well-being of the service users in their absence. 24 In contrast, SUs may 

not always experience a lack of connectedness with loved ones or having a small social 

network as (most important) problems themselves.
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A second aspect that might contribute to di�erences in prioritized answers are di�erences 

in the abstraction levels of answers between stakeholders. Regarding independent living 

SUs seem to focus on practical issues (‘household chores’) while ICs addressed possible 

underlying causes (‘planning/organizing’ and ‘mental problems/handling stress’). This 

�nding is in line with a study on the role of spirituality on recovery in people with 

schizophrenia, that showed that the answers of SUs were factual and concrete compared to 

the more abstract and cognitive answers of HCPs 122 A possible explanation might be from 

a strength- and ability focus�perspective that SUs have a focus on managing their speci�c 

problems in daily life and functioning. However, the lack of abstraction in answering may 

also be caused by aberrant abstraction in SUs with schizophrenia spectrum disorders. 122, 123

A third aspect that might contribute to di�erences in prioritized answers is the (self)

stigma on (people with) psychosis. Negative experiences related to a lack of support 

or stigmatization of service users in mental health care were more o�ten mentioned as 

barriers of recovery by SUs and ICs than by HCPs. This result is in line with qualitative 

research with SUs, ICs and HCPs on the barriers in the process of shared decision making.124, 

125 Several studies have indicated that HCPs, despite their expertise and training, are not 

immune to the stigmatizing beliefs and prejudices that are commonly associated with 

mental illness.126 These attitudes may not always be overt or intentional, and professionals 

might not be aware of their own biases. 127 Perceived stigma of HCPs by SUs, characterized by 

negative a�ective reactions and perceived social distance, are associated with internalized 

stigma and disempowerment.128

Fourth, we should be aware of diagnostic overshadowing as a factor contributing to 

di�erences in priorities between stakeholder groups. In diagnostic overshadowing, 

normal desires, problems, or opposing viewpoints are misinterpreted through the lens of 

a person’s mental illness.129 This carries the risk that behavior of service users deviating 

from social norms or one’s own frame of reference may be too quickly interpreted as a 

sign of illness by HCPs or ICs.

Strengths and limitations

The study is one of the �rst larger studies comparing perspectives of both SUs with 

(a history of) psychosis, ICs and HCPs on aspects of recovery. All stakeholder groups 

participated in the design of the study and interpretation of results. Compared to the 

o�ten-used focus groups and interviews used in this research �eld, the use of anonymous 

surveys might have reduced the risk of being in�uenced by others and providing desirable 

answers.
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The study also has several limitations. First, the use of an open online questionnaire in 

Dutch poses a risk of selection bias. The large majority of SU respondents in our study lived 

independently, received outpatient treatment and considered themselves as living with of 

beyond the illness. People with severe clinical symptoms or low levels of social and community 

participation might be underrepresented because the call to participate might not have reached 

them, they did not have access to a computer or where not able to complete the questionnaire. 

Conversely, overrepresentation of respondents facing health care system challenges might 

skew results, as those with issues may be more willing to participate to voice their concerns. 

With 90% of participating ICs reporting weekly contact with their loved one with psychosis, 

closely involved ICs might be overrepresented. The survey being in Dutch excludes non-Dutch 

speakers, potentially introducing a cultural bias, as fewer than 10% of respondents in all 

stakeholder groups were born outside the Netherlands, compared to 15% of the general Dutch 

population.130 Previous research about recovery in people with minority ethnic backgrounds 

identi�ed a greater emphasis on spirituality, stigma, culture-speci�c factors and collectivist 

notions of identity. 117 Overall, the risk of selection bias might limit the generalizability of results 

towards the more severely a�ected service users and their family members and non-Western 

cultures.

Second, there is no consensus on the de�nition of recovery, which may in�uence responses, as 

recovery can for instance be seen either as an expected outcome or an experiential process. 131

Third, our study did not involve triads of SUs, ICs, and HCPs, which does not make it possible 

to compare perspectives on the same service user.

Fourth, our questionnaire did not have forced answering categories and many respondents 

did not answer all questions, resulting in large ‘no answer’ categories in our results. We do 

not know why respondents did not answer a question making it di�cult to interpret the 

�ndings. Possible reasons to not answer a question are that respondents did not experience 

any challenges on a speci�c domain or had no ideas about the domains, facilitators or barriers 

of recovery. Respondents did not appear to skip more questions as the survey progressed, 

making fatigue an unlikely explanation for missing responses.

A last limitation is the use of an existing theory in directed content analyses, as we did with 

the widely endorsed CHIME framework for the domain of personal recovery. This introduces 

an (informed) bias towards the existing theory when coding the data. To mitigate this bias, 

we checked whether the data supported the subdivision of CHIME categories and added 

two additional categories for responses that could not be coded within the existing CHIME 

framework. However, it remains possible that a purely inductive approach might have yielded 

somewhat di�erent results.
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Clinical implications

While commonalities were evident, our study identi�ed noteworthy distinctions in how 

various stakeholder groups prioritize recovery domains. Our primary message for all 

stakeholders is to acknowledge and respect potential di�erences in perspectives on 

recovery goals.

Facilitating an open dialogue about these varying viewpoints is imperative to prevent 

miscommunication. The identi�ed di�erences in perspectives underscore the importance 

of fostering collaboration among triads of SUs, ICs and HCPs at multiple levels - research, 

policy, health care organizations and individual patient care and support. 132 To ensure 

representation at the policy and organizational levels, SU and IC perspectives can be 

e�ectively voiced through service user and family associations and/or experts with 

lived experience. On an individual SU level, adhering to a recovery-oriented health care 

approach requires placing the service users’ goals at the core of treatment. Nonetheless, 

SUs may require psycho-education, assistance, and support from their ICs and HCPs to 

make informed decisions.124 Innovations in mental health care, like Active Recovery in the 

Triad (ART), Resource ACT (RACT) and Peer-supported Open Dialogue (POD), respond to the 

need to improve communication between service users, ICs and HCPs.132-134

A second lesson learned from this study is that stakeholders use di�erent language to 

express their ideas about recovery and seem to think about recovery in di�erent levels 

of abstraction. SUs described concrete personal circumstances and goals, ICs described 

the necessary conditions to achieve goals and HCPs described recovery in general, using 

medical terminology. For example, when a SU describes problems with cooking, his IC 

describes problems with planning and his HCP describes cognitive problems they might all 

refer to the same problem but also to completely di�erent problems. This emphasizes the 

importance of clear and concrete communication between stakeholders. Peer-supported 

open dialogue explicitly involves experts by experience to advance the dialogue between 

SU, ICs and HCPs and to create a common understanding of a presented di�culty through 

shared language.135

In the collaboration between stakeholders on an organizational level and in daily practice, 

di�ering viewpoints on the importance of health care as a factor in�uencing recovery 

should be acknowledged and discussed. These di�ering viewpoints may lead to varying 

perceptions of health care quality and may result in di�erences in the perceived scope of 

in�uence and perceived responsibilities of stakeholders. It is important to discuss these 

varying perspectives to ensure e�ective collaboration. Further participatory research is 

needed to explore ways to enhance communication and collaboration among stakeholders 

in mental health care.
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SUPPLEMENTARY MATERIAL

Supplement 1. Independent variables in logistic regression analyses with covariates

SUs vs ICs ICs vs HCPs SUs vs HCPs

Covariates

1.	 Respondent group

2.	 Sex of respondent (male/female) X X X

3.	 Level of education, (higher) X X X

4.	 Being spiritual (yes) X X X

5.	 Sex of service user X - -

6.	 Primary psychiatric diagnosis (SSD) X - -

7.	 Treatment setting (outpatient) X X X

8.	 Recovery phase (late) X X X

SUs = service users, ICs = informal caregivers, HCPs = health care professionals, SSD = schizophrenia 

spectrum disorder

Not all respondent- and SU characteristics were analyzed as covariates for various reasons. Age 

of both respondents and SUs was not added as covariate because the older age of ICs was likely 

to be related to the fact that most ICs were parents of SUs with psychotic vulnerability. Migration 

background and years since �rst psychosis were not analyzed as covariates because we had to 

limit the number of added variables in the model to avoid over�tting and because there were no 

signi�cant di�erences between respondent groups. Although there were signi�cant di�erences 

between groups regarding living situation, we did not add these as covariate because of high 

correlation (0.58) with treatment setting.
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Supplement 2. Overview of results of all statistical analysis

Most important aspects of …

Table S1 Clinical recovery

Table S2 Functional recovery – independent living

Table S3 Functional recovery – social

Table S4 Functional recovery – daytime activities

Table S5 Functional recovery – other aspects of functional recovery

Table S6 Personal recovery

Table S7 Prioritization of domains of outcome

Table S8 Facilitators of recovery

Table S9 Barriers of recovery

Table S10 Personal strengths that facilitate recovery

Legenda for all tables:

ns = not signi�cant, * < 0.05, ** < 0.01, *** < 0.001

SU = service user, IC = informal caregiver, HCP = health care professional

Logistic regression without covariate adjustment =

Logistic regression with answer category as dependent and respondent group as the only 

independent variable

Logistic regression with covariate adjustment =

•	 Covariates SU vs IC: sex of respondent (male/female), level of education, (higher/lower), spirituality 

(yes/no), sex of service user (male/female), primary psychiatric diagnosis (schizophrenia 

spectrum disorder (SSD) versus bipolar), treatment setting (outpatient/inpatient) and recovery 

phase (late/early).

•	 IC vs HCP and SU vs HCP: sex of respondent (male/female), level of education, (higher/lower), 

spirituality (yes/no), treatment setting (outpatient/inpatient) and recovery phase (late/early).
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Table S1. Clinical recovery

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact *** ** * *** �

Positive symptoms Fisher’s exact ** � � � �

Logistic regression without covariate adjustment � OR 1.81 OR 2.07 OR 3.73*** �

Logistic regression with covariate adjustment � OR 1.78 OR 1.12 OR 2.76 SU-IC bipolar: OR 0.10*

IC-HCP educational level (high): OR 5.42*

SU-HCP educational level (high): OR 0.29*, 

recovery phase: OR 0.33*

Negative symptoms Fisher’s exact *** � � � �

Logistic regression without covariate adjustment � OR 4.58* OR 2.08 OR 9.54*** �

Logistic regression with covariate adjustment � OR 2.76 OR 2.02 OR 6.39*

A�ective symptoms Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.97 OR 0.51 OR 0.50 �

Logistic regression with covariate adjustment � OR 1.24 OR 0.56 OR 0.71 SU-IC sex respondent (male): OR 10.35**, 

sex patient: OR 0.090**

SU-HCP being spiritual (yes): OR 2.65*

Cognitive symptoms Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.52 OR 1.32 OR 0.68 �

Logistic regression with covariate adjustment � OR 0.45 OR 1.54 OR 0.95

Medication Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.28 OR 0.22 OR 0.29 �

Logistic regression with covariate adjustment � OR 0.72 OR 0.42 OR 1.16

Physical symptoms Fisher’s exact *** � � � �

Logistic regression without covariate adjustment � OR 0.24* OR 0.24 OR 0.06** �

Logistic regression with covariate adjustment � OR 0.00 OR 0.00 OR 0.09

Addiction / Comorbidity category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Aspects of functional recovery Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 5.65* OR 0.27 OR 1.55 �

Logistic regression with covariate adjustment � OR 32.82* OR 0.20 OR 0.90 SU-IC diagnosis: OR 38.26*

Aspects of personal recovery category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Other aspects of recovery category excluded for analysis because of �5x answers were 

provided in this category

� � � � �
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Table S1. Clinical recovery

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact *** ** * *** �

Positive symptoms Fisher’s exact ** � � � �

Logistic regression without covariate adjustment � OR 1.81 OR 2.07 OR 3.73*** �

Logistic regression with covariate adjustment � OR 1.78 OR 1.12 OR 2.76 SU-IC bipolar: OR 0.10*

IC-HCP educational level (high): OR 5.42*

SU-HCP educational level (high): OR 0.29*, 

recovery phase: OR 0.33*

Negative symptoms Fisher’s exact *** � � � �

Logistic regression without covariate adjustment � OR 4.58* OR 2.08 OR 9.54*** �

Logistic regression with covariate adjustment � OR 2.76 OR 2.02 OR 6.39*

A�ective symptoms Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.97 OR 0.51 OR 0.50 �

Logistic regression with covariate adjustment � OR 1.24 OR 0.56 OR 0.71 SU-IC sex respondent (male): OR 10.35**, 

sex patient: OR 0.090**

SU-HCP being spiritual (yes): OR 2.65*

Cognitive symptoms Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.52 OR 1.32 OR 0.68 �

Logistic regression with covariate adjustment � OR 0.45 OR 1.54 OR 0.95

Medication Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.28 OR 0.22 OR 0.29 �

Logistic regression with covariate adjustment � OR 0.72 OR 0.42 OR 1.16

Physical symptoms Fisher’s exact *** � � � �

Logistic regression without covariate adjustment � OR 0.24* OR 0.24 OR 0.06** �

Logistic regression with covariate adjustment � OR 0.00 OR 0.00 OR 0.09

Addiction / Comorbidity category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Aspects of functional recovery Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 5.65* OR 0.27 OR 1.55 �

Logistic regression with covariate adjustment � OR 32.82* OR 0.20 OR 0.90 SU-IC diagnosis: OR 38.26*

Aspects of personal recovery category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Other aspects of recovery category excluded for analysis because of �5x answers were 

provided in this category

� � � � �
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Table S2. Functional recovery – Independent living

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact *** ** * *** �

Social contacts / Participating Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 4.26 OR 0.92 OR 4.06 �

Logistic regression with covariate adjustment � OR 2.77 OR 1.38 OR 2.05

Job / School / Rehabilitation Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.51 OR 4.76 OR 2.43 �

Logistic regression with covariate adjustment � OR 1.57 OR 4.75 OR 3.03 IC-HCP sex respondent (man): OR 6.43*

Household chores Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.41 OR 2.40 OR 0.99 �

Logistic regression with covariate adjustment � OR 0.41 OR 2.39 OR 1.70 SU-HCP recovery phase (late): OR 6.71*

Finance / Financial conditions Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.40 OR 3.08 OR 1.24 �

Logistic regression with covariate adjustment � OR 0.00 OR 2.60 OR 0.67

Self-care Fisher’s exact ** � � � �

Logistic regression without covariate adjustment � OR 0.82 OR 6.24* OR 5.14** �

Logistic regression with covariate adjustment � OR 0.53 OR 5.55 OR 1.16 IC-HCP sex respondent (male): OR 0.15*, 

treatment (inpatient): OR 4.10*

Lifestyle category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Housing Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 4.29 OR 1.51 OR 6.46 �

Logistic regression with covariate adjustment � OR 0.00 OR 0.98 OR 2.75

Mental problems / Handling stress Fisher’s exact ** � � � �

Logistic regression without covariate adjustment � OR 8.27* OR 0.39 OR 3.20 �

Logistic regression with covariate adjustment � OR 2.47 OR 0.26 OR 3.68

Planning / Organizing Fisher’s exact * � � � �

Logistic regression without covariate adjustment � OR 6.93* OR 0.71 OR 4.95 �

Logistic regression with covariate adjustment � OR 8.62* OR 0.75 OR 6.19

Day night rhythm category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Fatique / Physical limitations category excluded for analysis because of �5x answers were 

provided in this category

� � � � �
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Table S2. Functional recovery – Independent living

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact *** ** * *** �

Social contacts / Participating Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 4.26 OR 0.92 OR 4.06 �

Logistic regression with covariate adjustment � OR 2.77 OR 1.38 OR 2.05

Job / School / Rehabilitation Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.51 OR 4.76 OR 2.43 �

Logistic regression with covariate adjustment � OR 1.57 OR 4.75 OR 3.03 IC-HCP sex respondent (man): OR 6.43*

Household chores Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.41 OR 2.40 OR 0.99 �

Logistic regression with covariate adjustment � OR 0.41 OR 2.39 OR 1.70 SU-HCP recovery phase (late): OR 6.71*

Finance / Financial conditions Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.40 OR 3.08 OR 1.24 �

Logistic regression with covariate adjustment � OR 0.00 OR 2.60 OR 0.67

Self-care Fisher’s exact ** � � � �

Logistic regression without covariate adjustment � OR 0.82 OR 6.24* OR 5.14** �

Logistic regression with covariate adjustment � OR 0.53 OR 5.55 OR 1.16 IC-HCP sex respondent (male): OR 0.15*, 

treatment (inpatient): OR 4.10*

Lifestyle category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Housing Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 4.29 OR 1.51 OR 6.46 �

Logistic regression with covariate adjustment � OR 0.00 OR 0.98 OR 2.75

Mental problems / Handling stress Fisher’s exact ** � � � �

Logistic regression without covariate adjustment � OR 8.27* OR 0.39 OR 3.20 �

Logistic regression with covariate adjustment � OR 2.47 OR 0.26 OR 3.68

Planning / Organizing Fisher’s exact * � � � �

Logistic regression without covariate adjustment � OR 6.93* OR 0.71 OR 4.95 �

Logistic regression with covariate adjustment � OR 8.62* OR 0.75 OR 6.19

Day night rhythm category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Fatique / Physical limitations category excluded for analysis because of �5x answers were 

provided in this category

� � � � �
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Table S2. Continued

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

(Self)Stigma / Social inclusion category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Other aspects category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Table S3. Functional recovery – social

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact ns ns ns ns �

Social contacts / Participating Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.41 OR 1.42 OR 2.03* �

Logistic regression with covariate adjustment � OR 1.30 OR 1.03 OR 1.68

Job / School / Rehabilitation Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 2.77 OR 0.42 OR 1.16 �

Logistic regression with covariate adjustment � OR 1.85 OR 0.43 OR 1.14

Household chores category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Finance / Financial conditions category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Self-care category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Lifestyle category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Housing category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Mental problems / Handling stress Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 2.65 OR 0.39 OR 1.03 �

Logistic regression with covariate adjustment � OR 2.44 OR 0.25 OR 1.02 SU-IC: treatment (inpatient): 8.47*

Planning / Organizing category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Day night rhythm category excluded for analysis because of �5x answers were 

provided in this category

� � � � �
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Table S2. Continued

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

(Self)Stigma / Social inclusion category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Other aspects category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Table S3. Functional recovery – social

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact ns ns ns ns �

Social contacts / Participating Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.41 OR 1.42 OR 2.03* �

Logistic regression with covariate adjustment � OR 1.30 OR 1.03 OR 1.68

Job / School / Rehabilitation Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 2.77 OR 0.42 OR 1.16 �

Logistic regression with covariate adjustment � OR 1.85 OR 0.43 OR 1.14

Household chores category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Finance / Financial conditions category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Self-care category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Lifestyle category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Housing category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Mental problems / Handling stress Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 2.65 OR 0.39 OR 1.03 �

Logistic regression with covariate adjustment � OR 2.44 OR 0.25 OR 1.02 SU-IC: treatment (inpatient): 8.47*

Planning / Organizing category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Day night rhythm category excluded for analysis because of �5x answers were 

provided in this category

� � � � �
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Table S3. Continued

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

Fatique / Physical limitations category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

(Self)Stigma / Social inclusion Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.40 OR 3.08 OR 1.24 �

Logistic regression with covariate adjustment � OR 0.79 OR 2.66 OR 1.87

Other aspects category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Table S4. Functional recovery – daytime activities

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact ** * ns * �

Social contacts / Participating Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 2.10 OR 0.45 OR 6.46 �

Logistic regression with covariate adjustment � OR 0.00 OR 0.45 OR 0.95

Job / School / Rehabilitation Fisher’s exact * � �

Logistic regression without covariate adjustment � OR 2.27* OR 0.98 OR 2.21* �

Logistic regression with covariate adjustment � OR 2.41 OR 1.17 OR 1.84

Household chores category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Finance / Financial conditions category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Self-care category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Lifestyle category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Housing category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Mental problems / Handling stress Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 2.77 OR 1.04 OR 2.88 �

Logistic regression with covariate adjustment � OR 1.80 OR 0.73 OR 1.73
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Table S3. Continued

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

Fatique / Physical limitations category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

(Self)Stigma / Social inclusion Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.40 OR 3.08 OR 1.24 �

Logistic regression with covariate adjustment � OR 0.79 OR 2.66 OR 1.87

Other aspects category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Table S4. Functional recovery – daytime activities

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact ** * ns * �

Social contacts / Participating Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 2.10 OR 0.45 OR 6.46 �

Logistic regression with covariate adjustment � OR 0.00 OR 0.45 OR 0.95

Job / School / Rehabilitation Fisher’s exact * � �

Logistic regression without covariate adjustment � OR 2.27* OR 0.98 OR 2.21* �

Logistic regression with covariate adjustment � OR 2.41 OR 1.17 OR 1.84

Household chores category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Finance / Financial conditions category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Self-care category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Lifestyle category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Housing category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Mental problems / Handling stress Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 2.77 OR 1.04 OR 2.88 �

Logistic regression with covariate adjustment � OR 1.80 OR 0.73 OR 1.73
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Table S4. Continued

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

Planning / Organizing Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.82 OR 0.73 OR 0.60 �

Logistic regression with covariate adjustment � OR 0.25 OR 0.08 OR 0.25

Day night rhythm category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Fatique / Physical limitations Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 8.94 OR 0.17 OR 1.54 �

Logistic regression with covariate adjustment � OR 29.88* OR 0.20 OR 0.00

(Self)Stigma / Social inclusion Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.51 OR 0.74 OR 0.38 �

Logistic regression with covariate adjustment � OR 0.49 OR 0.00 OR 0.48

Other aspects category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Table S5. Functional recovery - other aspects of functional recovery

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact *** * ns *** �

Social contacts / Participating Fisher’s exact ** � � � �

Logistic regression without covariate adjustment � OR 2.52e8 OR 0.27 OR 6.93e7 �

Logistic regression with covariate adjustment � OR 1.33e18 OR 0.42 OR 3.83e26

Job / School / Rehabilitation category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Household chores category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Finance / Financial conditions category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Self-care category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Lifestyle category excluded for analysis because of �5x answers were 

provided in this category

� � � � �
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Table S4. Continued

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

Planning / Organizing Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.82 OR 0.73 OR 0.60 �

Logistic regression with covariate adjustment � OR 0.25 OR 0.08 OR 0.25

Day night rhythm category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Fatique / Physical limitations Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 8.94 OR 0.17 OR 1.54 �

Logistic regression with covariate adjustment � OR 29.88* OR 0.20 OR 0.00

(Self)Stigma / Social inclusion Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.51 OR 0.74 OR 0.38 �

Logistic regression with covariate adjustment � OR 0.49 OR 0.00 OR 0.48

Other aspects category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Table S5. Functional recovery - other aspects of functional recovery

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact *** * ns *** �

Social contacts / Participating Fisher’s exact ** � � � �

Logistic regression without covariate adjustment � OR 2.52e8 OR 0.27 OR 6.93e7 �

Logistic regression with covariate adjustment � OR 1.33e18 OR 0.42 OR 3.83e26

Job / School / Rehabilitation category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Household chores category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Finance / Financial conditions category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Self-care category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Lifestyle category excluded for analysis because of �5x answers were 

provided in this category

� � � � �



124

Table S5. Continued

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

Housing category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Mental problems / Handling stress Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 4.29 OR 1.11 OR 4.77 �

Logistic regression with covariate adjustment � OR 7.04 OR 1.17 OR 4.17

Planning / Organizing category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Day night rhythm category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Fatique / Physical limitations Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.04 OR 0.00 OR 0.00 �

Logistic regression with covariate adjustment � OR 1.22 OR 0.00 OR 0.00

(Self)Stigma / Social inclusion Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.88 OR 2.10 OR 1.85 �

Logistic regression with covariate adjustment � OR 0.88 OR 1.14 OR 0.84 SU-HCP being spiritual (yes): OR 3.76*

Other aspects Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.28 OR 1.58 OR 2.02 �

Logistic regression with covariate adjustment � OR 0.72 OR 0.51 OR 0.36 IC-HCP recovery phase (late): OR 0.09**

SU-HCP recovery phase (late): OR 0.19*

Table S6. Personal recovery

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact ns ns ns ns �

Connectedness Fisher’s exact * � � � �

Logistic regression without covariate adjustment � OR 2.49* OR 0.35* OR 0.86 �

Logistic regression with covariate adjustment � OR 2.94 OR 0.30* OR 0.84 �

Hope / Optimism Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.58 OR 1.51 OR 0.87 �

Logistic regression with covariate adjustment � OR 0.55 OR 3.56 OR 1.76 IC-HCP being spiritual (yes): OR 7.80*

SU-HCP: being spiritual (yes): OR 6.21**
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Table S5. Continued

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

Housing category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Mental problems / Handling stress Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 4.29 OR 1.11 OR 4.77 �

Logistic regression with covariate adjustment � OR 7.04 OR 1.17 OR 4.17

Planning / Organizing category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Day night rhythm category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Fatique / Physical limitations Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.04 OR 0.00 OR 0.00 �

Logistic regression with covariate adjustment � OR 1.22 OR 0.00 OR 0.00

(Self)Stigma / Social inclusion Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.88 OR 2.10 OR 1.85 �

Logistic regression with covariate adjustment � OR 0.88 OR 1.14 OR 0.84 SU-HCP being spiritual (yes): OR 3.76*

Other aspects Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.28 OR 1.58 OR 2.02 �

Logistic regression with covariate adjustment � OR 0.72 OR 0.51 OR 0.36 IC-HCP recovery phase (late): OR 0.09**

SU-HCP recovery phase (late): OR 0.19*

Table S6. Personal recovery

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact ns ns ns ns �

Connectedness Fisher’s exact * � � � �

Logistic regression without covariate adjustment � OR 2.49* OR 0.35* OR 0.86 �

Logistic regression with covariate adjustment � OR 2.94 OR 0.30* OR 0.84 �

Hope / Optimism Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.58 OR 1.51 OR 0.87 �

Logistic regression with covariate adjustment � OR 0.55 OR 3.56 OR 1.76 IC-HCP being spiritual (yes): OR 7.80*

SU-HCP: being spiritual (yes): OR 6.21**
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Table S6. Continued

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

Identity Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.77 OR 1.81 OR 1.38 �

Logistic regression with covariate adjustment � OR 2.01 OR 1.81 OR 0.79

Meaning in life Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.61 OR 1.46 OR 0.89 �

Logistic regression with covariate adjustment � OR 0.71 OR 0.61 OR 0.38 SU-IC sex respondent (male): OR 3.92*

Empowerment Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.61 OR 2.14 OR 1.31 �

Logistic regression with covariate adjustment � OR 0.73 OR 2.63 OR 1.01

Lifestyle Fisher’s exact * � � � �

Logistic regression without covariate adjustment � OR 0.61 OR 0.17 OR 0.11** �

Logistic regression with covariate adjustment � OR 0.24 OR 0.07 OR 0.05

Acceptence of / Insight into illness Fisher’s exact * � � � �

Logistic regression without covariate adjustment OR 11.41* OR 0.27 OR 3.13 �

Logistic regression with covariate adjustment � OR 3.80 OR 0.19 OR 4.22 SU-IC: recovery phase (late) = OR 0.01**

Table S7. Prioritization of domains of outcome

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact * ns * ns �

Clinical recovery Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.42 OR 0.98 OR 1.39 �

Logistic regression with covariate adjustment � OR 1.35 OR 0.62 OR 0.60 SU-HCP sex respondent (male): OR 2.45*

Functional recovery Fisher’s exact ** � � � �

Logistic regression without covariate adjustment � OR 1.42 OR 0.19** OR 0.27* �

Logistic regression with covariate adjustment � OR 1.80 OR 0.22* OR 0.18*

Personal recovery Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.98 OR 1.30 OR 1.27 �

Logistic regression with covariate adjustment � OR 0.63 OR 1.52 OR 1.29

Other Fisher’s exact ns � � � no answers in this category by ICs

Logistic regression without covariate adjustment � OR 0.00 OR 6.93e7 OR 0.60 �

Logistic regression with covariate adjustment � OR 0.00 OR 1.67e9 OR 1.43 SU-HCP being spiritual (yes) OR 5.45*
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Logistic regression with covariate adjustment � OR 0.63 OR 1.52 OR 1.29
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Logistic regression with covariate adjustment � OR 0.00 OR 1.67e9 OR 1.43 SU-HCP being spiritual (yes) OR 5.45*
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Table S8. Facilitators of recovery

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact *** ns ** *** �

Contact / Support Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.17 OR 1.28 OR 1.49 �

Logistic regression with covariate adjustment � OR 1.30 OR 1.09 OR 0.95 �

Health care Fisher’s exact * � � � �

Logistic regression without covariate adjustment � OR 1.34 OR 0.33* OR 0.44 �

Logistic regression with covariate adjustment � OR 1.05 OR 0.22** OR 0.28 �

Lifestyle Fisher’s exact ** � � � �

Logistic regression without covariate adjustment � OR 0.75 OR 0.11* OR 0.08* �

Logistic regression with covariate adjustment � OR 0.40 OR 0.13 OR 0.05* SU-IC: treatment (inpatient): OR 10.92*

Optimism / Con�dence / Coping Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.58 OR 3.21 OR 1.85 �

Logistic regression with covariate adjustment � OR 1.06 OR 3.76 OR 3.06 SU-IC: being spiritual (yes): OR 4.23*

SU-HCP: being spiritual (yes): OR 8.34***

Daytime activities Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.00 OR 3.88e7 OR 0.92 no answers in this category by ICs

Logistic regression with covariate adjustment � OR 0.00 OR 8.33e7 OR 0.98 �

Acceptance / Insight Fisher’s exact * � � � �

Logistic regression without covariate adjustment � OR 2.10 OR 4.76 OR 10.00* �

Logistic regression with covariate adjustment � OR 1.75e26 OR 4.58 OR 25.74* �

Meaning category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Other category excluded for analysis because of �5x answers were 

provided in this category

� � � � �
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Table S9. Barriers of recovery

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC IC-HCP SU-HCP

All answer categories Fisher’s exact *** ** ** ** �

Mental symptoms Fisher’s exact * � � � �

Logistic regression without covariate adjustment � OR 0.89 OR 2.94* OR 2.63** �

Logistic regression with covariate adjustment � OR 0.77 OR 2.16 OR 2.15 SU-HCP sex respondent (male) OR 2.15*

Interal barriers / Insecurety / 

Impotence

Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.59 OR 0.73 OR 1.16 �

Logistic regression with covariate adjustment � OR 0.91 OR 0.17 OR 0.79

(Self)Stigma Fisher’s exact *** � � � no answers in this category by ICs

Logistic regression without covariate adjustment � OR 0.00 OR 6.68e7 OR 0.36 �

Logistic regression with covariate adjustment � OR 0.00 OR 6.38e9 OR 0.46 IC-HCP level of eduation (high): OR 0.02**

Health care Fisher’s exact ** � � � �

Logistic regression without covariate adjustment � OR 2.71* OR 0.21** OR 0.56 �

Logistic regression with covariate adjustment � OR 1.18 OR 0.13** OR 0.12* SU-IC sex patient (man): 4.22*

SU-HCP recovery phase (late): OR 0.16*

Medication Fisher’s exact * � � � no answers in this category by HCPs

Logistic regression without covariate adjustment � OR 0.44 OR 0.00 OR 0.00 �

Logistic regression with covariate adjustment � OR 0.90 OR 0.00 OR 0.00

Social problems Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.33 OR 0.88 OR 1.17 �

Logistic regression with covariate adjustment � OR 1.05 OR 1.26 OR 0.70

Daytime activities category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Physical symptoms category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Lifestyle category excluded for analysis because of �5x answers were 

provided in this category

� � � � �

Other Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.42 OR 0.53 OR 0.76 �

Logistic regression with covariate adjustment � OR 2.94 OR 0.57 OR 0.45
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Logistic regression with covariate adjustment � OR 2.94 OR 0.57 OR 0.45
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Table S10. Personal strengths that facilitate recovery

test comparison respondentgroups other variables that signi�cantly 

predicted chance on answer of outcome 

category as most important
� � SU-IC-HCP SU-IC SU-HCP SU-HCP

All answer categories Fisher’s exact ns ns * ns �

Resilience / Active coping Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.05 OR 0.90 OR 0.95 �

Logistic regression with covariate adjustment � OR 1.42 OR 1.05 OR 0.84 �

Social capacities Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 2.25 OR 0.19* OR 0.42 �

Logistic regression with covariate adjustment � OR 2.24 OR 0.12* OR 0.25 �

Creativitity / Leisure / Lifestyle Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.89 OR 0.11* OR 0.21 �

Logistic regression with covariate adjustment � OR 1.64 OR 0.12 OR 0.38 �

Cognitive capacities Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 1.04 OR 0.24 OR 0.25 �

Logistic regression with covariate adjustment � OR 1.19 OR 0.09 OR 0.19 �

Insight and re�ective capacities Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.35 OR 1.51 OR 0.53 �

Logistic regression with covariate adjustment � OR 0.17 OR 1.64 OR 0.24 �

Optimism / Hope / Faith Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.67 OR 0.73 OR 0.49 �

Logistic regression with covariate adjustment � OR 0.38 OR 0.57 OR 0.34 SU-IC being spiritual (yes): OR 4.61*

Bearing / Acceptance of illness Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.33 OR 5.56 OR 1.88 �

Logistic regression with covariate adjustment � OR 0.58 OR 3.54 OR 1.31 �

Asking / Accepting help Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 2.15 OR 0.98 OR 2.11 �

Logistic regression with covariate adjustment � OR 2.03 OR 0.57 OR 10.63 �

Con�dence / Self-acceptance Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 0.51 OR 3.08 OR 1.57 �

Logistic regression with covariate adjustment � OR 0.00 OR 2.11 OR 0.83 �

Other Fisher’s exact ns � � � �

Logistic regression without covariate adjustment � OR 4.29 OR 0.36 OR 1.54 �

Logistic regression with covariate adjustment � OR 5.38 OR 0.20 OR 0.96 �
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Supplement 3. Explorative analysis of all provided answers

Figure S3a. Domains of recovery

Clinical recovery: results for SUs based on a total of 300 answers by 94 respondents, for ICs based 

on 190 answers by 49 respondents and for HCPs based on a total of 282 answers by 63 respondents.

Personal recovery: results for SUs based on a total of 279 answers by 81 respondents, for ICs based 

on 138 answers by 40 respondents and for HCPs based on a total of 198 answers by 48 respondents.
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Figure S3a. Continued

Functional recovery - independent living: results for SUs based on a total of 90 answers by 37 

respondents, for ICs based on 88 answers by 28 respondents and for HCPs based on a total of 210 

answers by 56 respondents.

Functional recovery - social: results for SUs based on a total of 116 answers by 55 respondents, 

for ICs based on 82 answers by 36 respondents and for HCPs based on a total of 184 answers by 

50 respondents.

Functional recovery - daytime activities: results for SUs based on a total of 87 answers by 44 

respondents, for ICs based on 77 answers by 34 respondents and for HCPs based on a total of 151 

answers by 44 respondents.

Functional recovery - other aspects of functional recovery: results for SUs based on a total of 66 

answers by 32 respondents, for ICs based on 53 answers by 22 respondents and for HCPs based on 

a total of 102 answers by 33 respondents.
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Figure S3b. Factors that in�uence recovery

Facilitators of recovery: results for SUs based on a total of 316 answers by 84 respondents, for 

ICs based on 117 answers by 41 respondents and for HCPs based on a total of 210 answers by 48 

respondents.

Barriers of recovery: results for SUs based on a total of 238 answers by 76 respondents, for ICs based 

on113 answers by 40 respondents and for HCPs based on a total of 189 answers by 42 respondents.

Personal strengths that facilitate recovery: results for SUs based on a total of 280 answers by 78 

respondents, for ICs based on 125 answers by 40 respondents and for HCPs based on a total of 175 

answers by 42 respondents.
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ABSTRACT

Introduction: Predicting outcomes in schizophrenia spectrum disorders is challenging due 

to the variability of individual trajectories. While machine learning (ML) shows promise in 

outcome prediction, is has not yet been integrated into clinical practice. Understanding 

how ML models (MLMs) can complement psychiatrists’ predictions and bridge the gap 

between MLM capabilities and practical use is key.

Objective: This vignette study aims to compare the performance of psychiatrists and 

MLMs in predicting short-term symptomatic and functional remission in patients with 

�rst-episode psychosis and explores whether MLMs can improve psychiatrists’ prognostic 

accuracy.

Method: Twenty-four psychiatrists predicted symptomatic and functional remission 

probabilities at 10-weeks based on written baseline information from 66 patients in the 

OPTiMiSE trial. ML-generated predictions based on these vignettes were then shared with 

psychiatrists, allowing them to adjust their estimates.

Results: The predictive accuracy of the MLM was low but comparable to that of psychiatrists 

for symptomatic remission (MLM: 0.50, psychiatrists: 0.52) and comparable to that of 

psychiatrists for functional remission (MLM: 0.72, psychiatrists: 0.79). Interrater agreement 

was low but comparable for psychiatrists and the MLM. Although the MLM did not improve 

overall predictive accuracy, it showed potential in aiding psychiatrists with di�cult-to-

predict cases. However, psychiatrists struggled to recognize when to rely on the model’s 

output and we were unable to determine a clear pattern in these cases based on their 

characteristics.

Conclusions: MLMs may have the potential to support psychiatric decision-making, 

particularly in di�cult-to-predict cases, but at present their e�ectiveness remains limited 

due to constraints in predictive accuracy and the ability to identify when to rely on the 

model’s output. Addressing these issues is crucial to improve the utility of MLMs and foster 

their integration into clinical practice.

Clinical implications: MLMs are best suited as supplementary tools, providing a second 

opinion while psychiatrists retain decision-making autonomy. Integrating predictions from 

both sources may help reduce individual biases and improve accuracy. This approach 

leverages the strengths of MLMs without compromising clinical responsibility.
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INTRODUCTION

Schizophrenia spectrum disorders (SSD) have highly variable outcomes, making accurate and 

individualized outcome prediction - essential to personalized care - a challenging task. The 

reported rates of remission and recovery in �rst-episode schizophrenia vary considerably across 

studies, depending on factors such as treatment setting, duration of follow-up and de�nition 

of outcome. Recent �ndings suggest that symptomatic remission occurs in approximately 54% 

of patients and that functional remission occurs in approximately 32% of patients. 136

In psychosis prognosis prediction, machine learning models (MLMs) are trained to identify 

complex, o�ten non-linear relationships between baseline patient data and future clinical 

outcomes. By analyzing large datasets containing features such as demographics, clinical 

symptoms, cognitive test scores, and neuroimaging data, these models aim to predict outcomes 

like treatment response, functional recovery, or symptom persistence. MLMs can uncover subtle 

patterns that may not be evident to clinicians, thereby enabling more personalized prognostic 

insights for individuals with early psychosis.

The integration of MLMs into clinical psychiatry presents a promising opportunity to enhance 

data-driven decision-making in the prediction of psychosis outcomes. Over the past two 

decades, numerous studies have explored the use of MLMs for outcome prediction in SSD.51, 137 

However, many of these studies are limited by small sample sizes and lack external validation, 

weakening the robustness of their �ndings. 51, 138

Despite these limitations, ongoing advances in algorithmic predictive power signal that the 

time has come to bridge the gap between MLM capabilities and clinical practice. Currently, 

no MLMs for psychiatric disorders, including SSDs, have been integrated into clinical practice 

yet.53 Establishing their clinical value requires comparison to clinicians’ predictions, particularly 

regarding accuracy, interrater reliability, and potential to assist or augment traditional 

assessments.

Current studies mainly assess MLMs by comparing their predictive accuracy to random chance. 

For clinical relevance, however, MLM performance should be compared to clinicians’ accuracy. 

If an MLM performs at least as well as the psychiatrist, it could potentially assist or replace 

the psychiatrist for this task. Little data exists on the accuracy and interrater reliability of 

psychiatrists’ outcome predictions. 139

Psychiatrists predictions rely on demographic and clinical information, DSM 5 

classi�cations, personal clinical experience and ‘skilled’ intuition. 57, 140 The multifactorial 

etiology of psychiatric symptoms, the lack of objective biomarkers, incomplete information, 
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questionable validity of psychiatric classi�cations, and susceptibility of clinical impression 

to bias may contribute to low accuracy and low inter-rater agreement of psychiatrists 

in clinical predictions. 56-58 Regarding SSD, only two small studies published before 

1990 have investigated the prognostic accuracy of outcome prediction by clinicians. 59, 

60 In the �rst study, psychiatrists’ predictions on both clinical and functional outcome 

parameters a�ter 1 year scarcely outperformed chance statements. 59 The second study 

reported ‘acceptable agreement’ between predictions and true outcome, particularly for 

clinical outcomes (‘length of psychotic episode’ and ‘time spent in hospital’) compared to 

functional outcomes (‘occupational capacity’ and ‘functioning in family’). 60 Discrepancies 

in predictive accuracy between studies might stem from di�erences in de�ning the criteria 

for correct predictions between studies. Interrater reliability of psychiatrists in SSD remains 

unexamined.

OBJECTIVE

In our study, psychiatrists and MLM predicted individual chance of symptomatic and 

functional remission at 10 weeks for 66 patients with �rst episode psychosis, solely based 

on the collected baseline information. With the generated predictions, we compared the 

predictive performance of psychiatrists with that of the MLM and explored whether the 

MLM helped psychiatrists to enhance the accuracy of their prognosis predictions. The 

ability to estimate the short-term prognosis is important for patients, their relatives, and 

health care providers, for example, to better determine the duration of stay in a psychiatric 

treatment setting.

METHODS

Study design

This vignette study investigates the predictive accuracy of psychiatrists and MLM in 

predicting symptomatic and functional remission in people with �rst episode psychosis. 

This study was preregistered on AsPredicted.org (protocol #132306).

Data collection

OPTiMiSE dataset

In this study, data from the OPTiMiSE trial were utilized (trial identi�er number 

NCT01248195).141 The primary objective of the OPTiMiSE trial was to establish a treatment 

algorithm for individuals with �rst episode schizophrenia. In this OPTIMISE trial ‘�rst episode 

of schizophrenia’ is de�ned as a DSM-IV diagnosis of schizophrenia, schizophreniform 
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disorder, or schizoa�ective disorder in individuals aged 18 to 40, with psychosis onset 

within the last two years. Additionally, the person must have used antipsychotic medication 

for no more than two weeks in the past year or six weeks over their lifetime.

The �rst phase involved 446 patients undergoing amisulpride treatment for four weeks. This 

phase was completed by 371 patients. Patients meeting the symptom severity component of 

the consensus criteria for symptomatic remission of the Remission in Schizophrenia Working 

Group (RSWG), automatically completed the study.17 Subsequently, the 93 patients not in 

remission proceeded to the second phase, where they were randomly assigned to either 

continue amisulpride or switch to olanzapine for an additional six weeks in a double-blind 

fashion.

For the current study, data from the 66 patients that completed the second phase with complete 

Positive And Negative Syndrome Scale (PANSS) and Personal and Social Performance Scale 

(PSP) records were used. Characteristics of these patients are available in supplement 1. For 

all included patients the ‘true outcome’ at 10 weeks follow-up was established. Symptomatic 

remission was de�ned according to the symptom severity component of the RSWG-criteria. 17 

Functional remission was de�ned as a score of 71 points and higher on the PSP, because a 

score between 71-100 refers to only mild di�culties. 142

Machine learning model

The psychosis prognosis prediction model developed by van Opstal et al. (2024)143 was employed 

in this study. This model, based on a recurrent neural network architecture, integrates multi-

model data from diverse sources and can simultaneously predict multiple outcome measures. 

For this study, we speci�cally applied the S3 scenario developed by van Opstal et al., in which 

baseline data (week 0) were used to predict symptomatic and functional outcomes at week 10. 

The model was trained using available historical data from all patients in the OPTiMiSE trial 

at baseline, excluding those allocated to the test set. Baseline patient information included 

demographic, lifestyle, somatic and diagnostic data, as well as responses from multiple 

symptom screening and scoring questionnaires (table 1). The model received 229 input features 

across various modalities. The benchmarked data consisted solely of the 72 patients who 

completed the second phase (week 10) of the OPTiMiSE trial. To address potential over�tting, 

the model was �rst pretrained on 10,000 synthetically generated samples drawn from realistic 

feature distributions. Additionally, data augmentation was applied using a variable-length 

sliding window approach. Regularization techniques included dropout throughout the model 

and Monte Carlo dropout at inference time to estimate uncertainty. Due to instability concerns 

with small samples, feature selection was not applied (see van Opstal et al., supplementary 

Information). Instead, the model architecture was designed to be modular and regularized to 

enhance generalization.
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Table 1. Patient information and measurements

Type Number of 

Features

Features

Baseline information available to psychiatrists and MLM for making predictions

Demographic 20 Age (con), Sex (bin), Race (cat), Immigration status (bin), Marital 

status (bin), Divorce status (bin), Occupation status (bin), Occupation 

type (cat), Previous occupation status (bin), Previous occupation 

type (cat), Father’s occupation (cat), Mother’s occupation (cat), Years 

of education (con), Highest education level (cat), Father’s highest 

degree (cat), Mother’s highest degree (cat), Living status (bin), 

Dwelling (cat), Income source (cat), Living environment (cat)

Diagnostic 7 DSM-IV classi�cation (cat), Duration of the current psychotic 

episode (con), Current psychiatric treatment (cat), Psychosocial 

interventions status (bin), Estimated prognosis (cat), Hospitalization 

status (bin)

Lifestyle 7 Recreational drugs history (bin), Recreational drugs since last visit 

(bin), Ca�eine drinks per day (con), Last ca�eine drink (cat), Drink 

Alcohol (bin), Alcoholic drinks in the last year (cat), Smoking status 

(bin)

Somatic 11 Height (con), Weight (con), Waist (con), Hip (con), BMI (con), Systolic 

blood pressure (con), Diastolic blood pressure (con), Pulse (con), 

ECG abnormality (bin), Last mealtime (cat), Last meal type (cat)

Treatment 1 Average medication dosage (con)

CDSS 9 Calgary Depression Scale for Schizophrenia (con)

SWN-K 20 Subjective well-being under Neuroleptic Treatment Scale (con)

MINI* 48 Mini International Neuropsychiatric Interview

PANSS 30 Positive And Negative Syndrome Scale (con)

PSP 5 Personal and Social Performance Scale (con)

CGI 2 Clinical Global Impression scale severity and improvement (con)

10 weeks follow-up information used for determining the true remission status

PANSS 8 Positive And Negative Syndrome Scale items: P1-3, N1, N4, N6, G5, G9 

(con)

PSP 5 Personal and Social Performance Scale (con)

con = continuous measure, bin = binary measure, cat = categorical measure.

*The MINI is a structured psychiatric diagnostic assessment covering 48 psychiatric (co)morbidities 

in both the present and past.
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Participants

Twelve psychiatrists and twelve residents in psychiatry, each with at least 1 year of clinical 

experience with severe mental illness, participated in the study. In the remainder of this 

paper, for the purpose of clarity and conciseness, all participants will be referred to as 

psychiatrists, unless stated otherwise. Written informed consent was obtained from all 

participants.

A pilot study showed that reaching a prognosis based on patient information was time-

consuming for psychiatrists. To prevent participants from dropping out due to time 

constraints or the accuracy of predictions being a�ected by fatigue, we decided to divide 

the psychiatrists into three groups. Each participant group consisted of four psychiatrists 

and four residents in psychiatry. We aimed to distribute the level of experience in working 

with patients with psychotic disorders equally among the groups. The cases were also 

divided into three groups (group 1-3), with each group of psychiatrists being assigned one 

set of 22 cases.

Instruments

All participants completed a questionnaire (supplement 2) in the Castor Electronic 

Data Capture online secure survey so�tware program.113 All participants’ con�dentiality 

agreements regarding the presented (pseudo-anonymized) patient data were obtained 

before participants commenced the real survey.

In the �rst part of the survey, general information about the participants (age, sex, country 

of birth, occupation (psychiatrist/resident in psychiatry) and years of experience working 

with patients with psychotic disorders) was collected.

For the second part of the survey, each participant group received baseline information 

on 22 (of the 66) randomly assigned patient cases from the OPTiMiSE dataset (table 1, 

supplement 1). For each case, participants predicted the chance of symptomatic and 

functional remission at 10 weeks on a scale of 0-100%. This �rst prediction is referred to as 

pre-MLM. Participants were also queried on the importance of speci�c patient information 

for their predictions.

Subsequently, the MLM prognosis and its level of certainty (uncertain, certain, de�nite) 

about that prognosis for the same cases,143 based on identical information, was presented 

to the participants, allowing them to adjust their predictions and provide reasoning. 

Whether adjusted or not, this second psychiatrists’ predictions are referred to as post-MLM.
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The third part of the survey explored participants’ trust in arti�cial intelligence for prognosis 

prediction (measured on a 5-point scale), the extent to which they were inclined to consider 

the MLMs’ prediction (open-ended question), and whether they perceived any crucial 

information gaps in the patient data (open-ended question). Finally, psychiatrists were asked 

to estimate their predictive accuracy in this research on a scale between 0-100%.

Data-analysis

1. Who have better predictive performances; psychiatrists or MLM?

1a Can data from psychiatrists and residents be pooled?

In a pre-analysis, we assessed whether the data of psychiatrists and residents in psychiatry 

could be pooled for further analysis. The mean accuracies between the groups were 

compared using a pooled variance t-test (Student’s t-test).

1b How accurate are the prognosis predictions of psychiatrists and MLM?

For each rater (participants and MLM), by comparing their predictions with the true 

outcomes, the following performance metrics were calculated: area under the receiver 

operating characteristic curve (AUC), accuracy, sensitivity, speci�city, balanced accuracy 

and Brier score. Mean prognostic performances (across cases) of participants and MLM 

were compared using the non-parametric Mann-Whitney-U tests, because the participants’ 

data was not distributed normally for all prognostic metrics.

1c How comparable are the prognosis predictions among participants and between 

participants and the MLM?

Predictive agreements at group level (all participants + MLM) and pairwise interrater 

agreements were calculated with intraclass correlation coe�cients (ICCs), based on a 

single-rating, absolute-agreement, 2-way random-e�ects model. In addition, the pairwise 

predictive agreement between participants and MLM was compared with the pairwise 

predictive agreement among participants by a Mann-Whitney-U test.

To visualize the relationships and distribution of accuracy of prognostic predictions of 

participants and MLM (for participants both pre-MLM and post-MLM), we calculated the 

Euclidean distances between the vectors of predictions for each group. Then we performed 

classical multidimensional scaling to construct rater representations in a 2-dimensional 

space, the coordinates of which were used for locating each rater in a scatter plot.

2. Can the MLM help participants to enhance the accuracy of their prognosis predictions?

2a Does the MLM help participants to enhance the accuracy of their predictions in general?

With a one-sample t-test we calculated whether the mean di�erence between accuracy of 

psychiatrists pre- and post-MLM signi�cantly di�ered from 0.



149

2b Does the MLM help participants to enhance the accuracy of their predictions in cases 

with speci�c characteristics?

To e�ectively utilize the MLM, as a post-hoc analysis, we aimed to identify cases where 

the psychiatrist’s prognosis predictions were poor, but the MLM performed well. All cases 

were grouped based on the number of correct predictions made by psychiatrists, creating 

nine di�culty groups ranging from 0 – 8 correct predictions. For each group, we calculated 

the percentage of correct predictions (accuracy) for both the psychiatrists and the MLM. 

To compare the accuracy of the MLM and psychiatrists across groups, the results were 

visualized along with the number of cases in each group.

We then focused on the groups where psychiatrists made � 3 correct predictions, de�ned as the 

‘hard cases’. To statistically evaluate whether the MLM provided added value over psychiatrists 

in the ‘hard cases,’ the di�erence in accuracy between the MLM and psychiatrists (MLM accuracy 

– psychiatrist accuracy) was calculated for each of these groups. A one-sided Wilcoxon signed-

rank test was performed to test the null hypothesis that the median di�erence was equal to 

zero, i.e., a non-signi�cant advantage of the MLM in these hard cases.

Then, we investigated whether cases in these ‘hard case’ groups shared similar 

characteristics that could potentially be recognized by psychiatrists (or by computers). To 

do this, we created a t-distributed Stochastic Neighbor Embedding (t-SNE) plot to visualize 

the similarity of case characteristics. Data points representing ‘hard cases’ were highlighted 

with a distinct color to assess whether these cases shared more similar characteristics 

than others. More information about the characteristics and data-preparation used in this 

analysis is provided in supplement 9.

RESULTS

The mean age of the participants was 37.8 years (SD 9.1 years) and 50% were male. The 

mean number of years of working experience as a medical doctor in psychiatry was 15.1 

(SD 8.5) years for psychiatrists and 4.0 (SD 1.4) years for residents.

1. Predictive performances of psychiatrists and MLM

1a Prognostic accuracy of psychiatrists and residents

A pooled variance t-test (Student’s t-test) showed no signi�cant di�erence in mean 

accuracy between the resident and psychiatrist groups (symptomatic remission t(22) = 

-1.15, p = 0.26, and functional remission (t(22) = 0.18, p = 0.86). Based on these results, 

the data from residents and psychiatrists were pooled under the term “psychiatrists” for 

further analyses.
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1b Comparison of predictive performances of psychiatrists versus MLM

Predictive performances of psychiatrists and the MLM are displayed in table 2 and 

supplement 3.

Table 2. Predictive performances of psychiatrists and the MLM

Psychiatrists MLM

pre-MLM, mean (SD) post-MLM, mean (SD)

Symptomatic remission

AUC 0.58 (0.12) 0.58 (0.10) 0.59

Accuracy 0.52 (0.13) 0.51 (0.13) 0.50

Sensitivity 0.65 (0.22) 0.71 (0.21) 0.83

Speci�city 0.44 (0.26) 0.38 (0.27) 0.24

Balanced accuracy 0.54 (0.11) 0.55 (0.10) 0.54

Brier score 0.28 (0.05) 0.28 (0.05) 0.28

Functional remission

AUC

without group 1* 0.76 (0.14) 0.77 (0.13) 0.77

all participants 0.70 (0.22) 0.64 (0.26) 0.67

Accuracy

without group 1 0.75 (0.10) 0.75 (0.11) 0.80

all participants 0.72 (0.15) 0.72 (0.15) 0.79

Sensitivity

without group 1* 0.52 (0.27) 0.55 (0.27) 0.57

all participants 0.55 (0.36) 0.41 (0.36) 0.50

Speci�city

without group 1 0.79 (0.13) 0.79 (0.13) 0.84

all participants 0.75 (0.18) 0.76 (0.18) 0.83

Balanced accuracy

without group 1* 0.65 (0.12) 0.67 (0.13) 0.70

all participants 0.65 (0.16) 0.58 (0.17) 0.66

Brier score

without group 1 0.16 (0.05) 0.16 (0.04) 0.17

all participants 0.17 (0.05) 0.17 (0.05) 0.17

MLM = machine learning model, SD = standard deviation, AUC = area under the receiver operating 

characteristic curve

*Because ‘functional remission’ occurred in only 1/22 of the randomly assigned cases in group 1, results 

of the sensitivity and therefore also AUC and balanced accuracy are not reliable/representative.
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The mean prognostic performances – AUC, accuracy, sensitivity, speci�city, balanced 

accuracy and Brier score – of psychiatrists and MLM, for both symptomatic and functional 

remission, showed no signi�cant di�erences (all p-values > 0.5).

1c Comparison of predictive agreement among psychiatrists and between psychiatrists 

and MLM

Predictive agreement (ICC) of all raters (psychiatrist and MLM) at group level was in general 

poor with all group ICCs <0.5 for both symptomatic and functional remission (table 3, 

supplement 4 – Pairwise ICC matrices).144 For both symptomatic and functional remission 

the pairwise psychiatrist-MLM ICCs were signi�cantly lower than psychiatrist-psychiatrist 

ICCs for group 3 (symptomatic remission p = 0.02, functional remission p = 0.001), but not 

for group 1 and 2.

Multidimensional Scaling (MDS) of the relationships and distributions of predictions on 

case-level for psychiatrists and MLM showed that the MLM’s predictions were largely 

similar to those of psychiatrists. In all plots, the MLM’s datapoint was positioned at the 

outer edge of the cloud of data points. However, in most plots there were psychiatrists 

who deviated from the general cloud as well. Psychiatrists’ predictions post-MLM were 

more similar (closer) to the MLM than those pre-MLM (supplement 5).

2. In�uence of the MLM on prognostic accuracy of psychiatrists

Predictive performances of psychiatrists pre-MLM and post-MLM are displayed in table 2. 

About 25% of all predictions of psychiatrists were changed post-MLM. Some psychiatrists 

made no changes while others made changes in up to 77% of their predictions. The amount 

of percent change per prediction was highly variable as well, with the mean absolute 

amount of change per prediction ranging from 0 to 47%.

Approximately the same amount of predictions was changed in the correct direction 

as in the incorrect direction post-MLM, both for symptomatic and functional remission 

(supplement 6 and 7).

2a In�uence of the MLM on mean prognostic accuracy of psychiatrists

The mean di�erence of accuracies of psychiatrists pre-MLM and post-MLM did not di�er 

signi�cantly from 0 for both symptomatic (t(23)= -0.84, p = 0.41) and functional remission 

(t(23)= -3.61e-16, p = 1) predictions.
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Table 3. Predictive agreement by intraclass correlation coe�cients (ICC)*

Overall ICC

(95% CI)

Lowest

pairwise 

ICC

Highest

pairwise 

ICC

Pairwise 

ICCs > 

0.5 (n)

Comparison of ICC 

distribution psychiatrist-MLM 

vs psychiatrist-psychiatrist by 

Mann-Whitney-U-test

Symptomatic remission

Group 1

PSY only 0.08 (0.01; 0.22) -0.16 0.48 0/36

PSY + MLM 0.07 (0.01; 0.20) -0.47 0.48 0/36 p = 0.99

Group 2

PSY only 0.34 (0.19;0.55) 0.02 0.76 3/36

PSY + MLM 0.33 (0.18; 0.53) -0.13 0.76 3/36 p = 0.49

Group 3

PSY only 0.35 (0.20; 0.56) -0.04 0.66 8/36

PSY + MLM 0.31 (0.17; 0.51) -0.04 0.66 8/36 p = 0.02

Functional remission

Group 1

PSY only 0.22 (0.10; 0.41) -0.07 0.54 1/36

PSY + MLM 0.20 (0.09; 0.38) -0.11 0.54 1/36 p = 0.27

Group 2

PSY only 0.39 (0.23; 0.59) 0.06 0.77 8/36

PSY + MLM 0.37 (0.22; 0.57) -0.1 0.77 9/36 p = 0.32

Group 3

PSY only 0.42 (0.26; 0.62) 0.14 0.71 5/36

PSY + MLM 0.36 (0.22; 0.57) 0.03 0.71 5/36 p < 0.01

ICC = intraclass correlation coe�cient, PSY = psychiatrists, MLM = machine learning model

* The 66 cases from the OPTiMiSE trial were randomly assigned to three groups, each making 

predictions for 22 unique patient cases. As inter-rater agreement may be in�uenced by speci�c 

case characteristics, results are presented separately for each group.

2b Potential value of the MLM in cases that are di�cult to predict for psychiatrists

The post-hoc analysis of case categorization based on the number of psychiatrists that 

predicted them correctly, showed that for functional remission many cases were easy 

to predict by the psychiatrists (nearly 50% of cases correct by �7 psychiatrists) while 

predicting symptomatic remission appeared more di�cult for them (18% of cases correct 

by �7 psychiatrists).
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Figure 1. Potential value of MLM in hard cases

The 66 cases are grouped based on the number of psychiatrists who correctly predicted them. 

The blue bars represent the number of cases in each group (‘occurrence’), while the blue line 

indicates psychiatrist accuracy (number of correct predictions divided by 8), and the orange line 

shows MLM accuracy. For both symptomatic and functional remission, MLM accuracy is higher than 

psychiatrist accuracy in the ‘hard cases’ (�3 correct predictions by psychiatrists). The di�erence in 

accuracy was (just) not statistically signi�cant, with a p-value of 0.06 for both symptomatic and 

functional remission.

For symptomatic remission, the ‘hard case’ groups (correct by �3 psychiatrists, 41% 

of cases) appeared to be more di�cult to predict by the MLM as well (�gure 1). For 

functional remission, for the ‘hard cases’ groups (18% of cases) the accuracy of the MLM 
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remained 50% or higher (�gure 1). In the ‘hard case’ groups the MLM demonstrated 

higher accuracy than the psychiatrists in each group (�gure 1). However, the di�erence 

in accuracy was (just) not signi�cant, with a p-value of 0.06 for both symptomatic and 

functional remission.

The t-SNE plots showed that the case characteristics of the ‘hard cases’ were not distinct 

from the other cases (i.e., no outliers), making it impossible to identify the hard cases 

based on case characteristics (supplement 8).

DISCUSSION

Summary and interpretation of key �ndings

Accurate, personalized short-term outcome prediction is essential for tailoring care to 

individual patients. This study explored whether MLMs could improve prognosis prediction 

in �rst-episode psychosis using data from the OPTiMiSE study. While predictive accuracy for 

symptomatic remission was only slightly above chance level and remained low for functional 

remission, we found that the mean predictive performance of the MLM was similar to that of 

psychiatrists for both symptomatic and functional remission. Interrater agreement among 

psychiatrists and between psychiatrists and the MLM was low but similar across groups.

Approximately 25% of psychiatrists’ predictions were altered a�ter exposure to the MLM’s 

output. The interindividual variation in both the frequency and magnitude of these 

changes was substantial, with roughly equal proportions of corrections in the right and 

wrong direction. The MLM did not help to improve predictive accuracy of psychiatrists 

in general. However, Multidimensional Scaling (MDS) of the predictions revealed that 

although the MLM’s outputs were largely similar to those of psychiatrists, they o�ten 

exhibited subtle deviations, as indicated by its position at the outer edge of the cloud. 

This slightly di�erent predictive approach may help explain why the MLM occasionally 

outperformed psychiatrists in hard cases. A critical issue was psychiatrists’ di�culty in 

recognizing when to rely on the model, and we were unable to identify a clear pattern 

for distinguishing ‘hard cases’ based on their characteristics.

Surprisingly, we found no di�erence in accuracy between psychiatrists and psychiatry 

residents, which contrasts with previous studies suggesting that clinical experience 

improves decision-making accuracy.145 One explanation for this discrepancy could be 

the absence of direct patient interaction in this study, which prevented participants from 

forming a ‘clinical impression’. The clinical impression might get better with increasing 

experience, improving predictive accuracy in real-world setting.
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Limitations

First, the prediction accuracy in this study may have been in�uenced by limitations in the 

available patient information. Psychiatrists and MLM relied solely on case data without 

(information on) direct patient interaction, and the OPTiMiSE dataset lacked key clinical 

predictors such as family history of SSD,146 trauma history,147 motivation and adherence to 

treatment 148, 149 and pre-morbid functioning. 108

Second, the small sample size and low interrater agreement may have limited the detection 

of small e�ects. Due to the random assignment, group 1 contained only one patient that 

achieved functional remission, a�ecting the reliability of calculations for this group.

Third, the 10-week follow-up may have been too short to achieve functional remission, 

which typically takes more time. 150

Fourth, the research sample consists of individuals who were eligible for and completed 10 

weeks of a medication trial. This subgroup may not fully represent the general population 

of patients with �rst-episode psychosis, as trial participants could di�er in clinical 

characteristics, treatment adherence, or other prognostic factors in�uencing prognosis. 

Consequently, this limited representativeness may have a�ected the prognostic accuracy 

of predictors.

Fi�th, the use of binary (remission/no remission) outcome measures (PANSS and PSP) 

imposed a strict cuto�, meaning that patients with meaningful improvement just below 

the remission threshold were classi�ed as non-remission, leading to information loss. 

While applied consistently, this may not fully re�ect clinical improvement, as small 

but meaningful changes in PANSS or PSP scores are overlooked. Furthermore, this 

binary outcome de�nition limits the evaluation of predictions expressed as percentage 

chances of remission by psychiatrists or MLM. Predictions may be deemed incorrect if 

a patient narrowly misses the cuto�, or may appear correct if a patient barely meets 

the threshold. This can lead to both underestimation and overestimation of predictive 

performance.

Finally, the outcome measures were selected and rated by researchers and clinicians, 

rather than patients themselves.

Recommendations for future research

Incorporating a broader range of prognostic factors may improve the predictive accuracy 

of both psychiatrists and MLMs. ML techniques from �elds such as weather forecasting, 151 

which successfully integrate complex data, may o�er strategies to improve psychiatric 
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predictions. Future MLMs incorporating multimodal data such as neuroimaging, EEG, 

genetics and wearable data may enhance accuracy. Longitudinal data could also re�ne 

predictions.143 However, increasing the data collection burden might limit the model’s 

feasibility for routine clinical use.

Future research should also explore how direct clinical contact in�uences prognostic 

accuracy by comparing predictions based on case data with those made a�ter in-person 

evaluations. If ‘clinical impression’ is found to predict outcomes, methods for integrating 

this into MLMs should be developed. One approach is to provide the MLM with audio and 

video recordings, enabling the model to derive information on speech patterns, posture, 

facial expressions, and interactions with others. Another approach is to provide MLMs with 

descriptive diagnoses, which o�er a more comprehensive and holistic understanding of 

the patient’s condition, aligning more closely with clinicians’ impressions than standard 

disease classi�cations. In such a descriptive diagnosis, it would be important to also 

incorporate the perspective of patients and their informal caregivers, because previous 

research showed that the perspectives of patients, informal caregivers and health care 

professionals on barriers and facilitators of recovery can diverge and possibly complement 

each other.152

Larger sample sizes and more balanced case distributions will also be important for 

detecting subtle e�ects, particularly in outcomes like functional remission. Extending the 

follow-up period beyond 10 weeks is crucial to capture long-term recovery, especially 

for functional outcomes. For personalized treatment, future research should prioritize 

patient-relevant outcome measures. 152 Finally, comparing the decision-making processes 

of psychiatrists and MLMs could shed light on how they can complement each other.

Clinical implications

Despite the comparable predictive performance, replacing psychiatrists with MLMs 

in prognosis prediction tasks is unlikely, due to the clinical responsibility and liability 

associated with medical decisions. A more realistic approach would involve using MLM 

predictions as a second opinion, as we did in this study. In this scenario, psychiatrists would 

retain full autonomy over their �nal decision, integrating the MLM output as one piece 

of supplementary information. Since we do not know in which cases psychiatrists should 

rely on the MLM, a potential strategy could be to consistently average the predictions of 

the psychiatrist and the MLM. This approach leverages the strengths of multiple sources 

to mitigate individual biases and errors. 153, 154 In the current study, this would have resulted 

in a mean post-MLM accuracy of 0.54 for symptomatic remission (actual values pre-MLM 

0.52, post-MLM 0.51, MLM 0.50) and 0.79 for functional remission (actual values pre-MLM 

0.72, post-MLM 0.72, MLM 0.79).
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For MLMs to add value in clinical practice, several improvements are necessary. First, 

increasing the accuracy of the MLM would enhance its utility in re�ning psychiatrists’ 

predictions. Second, identifying when psychiatrists should rely on the MLM is critical. 

This could be achieved by improving the model’s ability to estimate the certainty of its 

predictions or by identifying cases that are hard to predict for psychiatrists.

Third, explaining model decisions is crucial for enabling psychiatrists to make more 

informed judgments about when to trust the model’s output. Model interpretability plays 

a key role in this, as it helps clinicians understand how speci�c patient features in�uence 

the model’s predictions. Further research on model explanation techniques is imperative 

to provide clinicians with clearer insights into the model’s decision-making process and 

improve their trust in AI models. 155
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SUPPLEMENTARY MATERIAL

Supplement 1. Characteristics of the included 66 patients from the OPTiMiSE trial

Baseline

Sex, male 79%

Mean age, years (SD) 25.3 (0.8)

DSM-classi�cation

•	 schizophrenia 67%

•	 schizophreniform disorder 32%

•	 schizo-a�ective disorder 2%

Inpatient status 55%

Mean duration of current psychotic episode, months (SD) 2.5 (0.5)

(Volunteer)work or school 32%

Psychiatric comorbidities 30%

Symptomatic remission according to RSWG-criteria* 0%

Functional remission de�ned as PSP >70 12%

Outcome at week 10

Symptomatic remission according to RSWG-criteria* 44%

Functional remission de�ned as PSP >70 12%

*only the symptom severity component of the RSWG criteria17 was used, not the time-component.
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Supplement 2. Example of Castor survey ‘Psychiatrists versus machine in psychosis prognosis 

prediction’

Introduction

The following survey contains sensitive information about patients. By clicking the ‘Next’ button, 

the participant agrees not to disclose any information about the questionnaire to third parties and 

to close all forms containing sensitive information a�ter completing them.

General respondent information

Question Answer

Age

Sex o	 Female

o	 Male

o	 I don’t want to answer

Country of birth o	 Afghanistan

o	 Albania

o	 Algeria

o	 Andorra

o	 Angola

o	 Antigua and Barbuda

o	 Argentina

� 	Etc.

Case 1 Patient information

Please use control+click (windows) or command+click (mac) [here] to �nd the information about 

this patient in a new window.

A�ter opening the new patient’s browser tab, you can move on to the prognosis questions by clicking 

the ‘next’ button on the current page.

WARNING: To avoid confusion, please make sure you’ve closed previous tabs with patient information 

before opening this new one.

Case 1 – Prediction pre-MLM

WARNING: Next, you will be asked to provide your estimated prognosis for this patient. Then the 

estimated prognosis of the machine learning model will be presented to you and, based on this 

information, you get the opportunity to change your estimated prognosis.

Question Answer

What do you think is the probability to achieve 

SYMPTOMATIC remission (RSWG) a�ter 10 weeks?

no remission -------------------------- remission

(0%) 	 (100%)

Which elements of the provided information 

were most important for your prediction?

What do you think is the probability to 

achieve FUNCTIONAL remission (based on PSP 

questionnaire, score >70) a�ter 10 weeks?

no remission -------------------------- remission

(0%) 	 (100%)

Which elements of the provided information 

were most important for your prediction?
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Supplement 2. Continued

Case 1 – Prediction post-MLM

WARNING: it is not allowed to return to previous pages to edit answers! When analyzing the results, 

controls will be carried out to ensure that no subsequent changes have been made.

The machine learning model predicts 82% chance of symptomatic remission for this patient, and 

it is certain about this prediction.

Question Answer

Your predictions of the probability of 

SYMPTOMATIC remission (RSWG) a�ter 10 weeks:75%

Would you like to change your prediction of 

the probability of SYMPTOMATIC remission?

o	 Yes

o	 No

If ‘Would you like to change your prediction 

of SYMPTOMATIC remission?’ is equal to ‘Yes’ – 

answer this question:

What do you think is the probability to achieve 

SYMPTOMATIC remission (RSWG) a�ter 10 weeks?

no remission -------------------------- remission

(0%) 	 (100%)

The machine learning model predicts 33% chance of functional remission for this patient, and it 

is certain about this prediction.

Question Answer

Your predictions of the probability of 

FUNCTIONAL remission (PSP) a�ter 10 weeks: 45%

Would you like to change your prediction of 

the probability of FUNCTIONAL remission?

o	 Yes

o	 No

If ‘Would you like to change your prediction 

of FUNCTIONAL remission?’ is equal to ‘Yes’ – 

answer this question:

What do you think is the probability to achieve 

FUNCTIONAL remission (PSP) a�ter 10 weeks?

no remission -------------------------- remission

(0%) 	 (100%)

Estimated predictive accuracy

Question Answer

How do you estimate your own mean 

predictive accuracy in this study for 

symptomatic remission and for functional 

remission?

Symptomatic remission (range 0 – 100%)

Functional remission (range 0 – 100%)

… %

… %

Final information – Arti�cial Intelligence

Please answer the following questions with your opinion in mind regarding the prediction of patient 

prognosis by machine learning models (arti�cial intelligence) trained with large amounts of data.
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Supplement 2. Continued

Question Answer

What is your level of trust in an arti�cial 

intelligence algorithm?

o	 Very high

o	 High

o	 Medium

o	 Low

o	 Very low

Did you o�ten chance your prediction(s) 

a�ter knowing the prediction of the machine 

learning model?

o	 Yes

o	 No

If ‘Did you o�ten chance your prediction(s) a�ter 

knowing the prediction of the machine learning 

model?’ is equal to ‘Yes’ – answer this question:

If Yes, why?

If ‘Did you o�ten chance your prediction(s) a�ter 

knowing the prediction of the machine learning 

model?’ is equal to ‘No’ – answer this question:

If No, why?

Final information – Ecological value

Did the provided patient information correspond 

to the information you collect during your clinical 

work? (except the face to face contact)

o	 Yes

o	 No

If ‘Did the provided patient information 

correspond to the information you collect 

during your clinical work?’ is equal to ‘No’ – 

answer this question:

What information did you miss or did you not 

use?

Final information – Fatigue

How tired are you at this moment? o	 Not at all

o	 Somewhat

o	 Moderately

o	 Very much

Do you think your level of fatigue may have 

a�ected the quality of your predictions?

o	 Yes

o	 No

Final information – End of questionnaire

Thank you for participating in our survey!
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Supplement 3. Predictive performances of psychiatrists and MLM

Participants are labeled by group number (G1-4) and psychiatrist (P) or resident (R) status
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Figure 1. Symptomatic remission – Area Under the ROC Curve
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Figure 2. Symptomatic remission – Accuracy
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Figure 3. Symptomatic remission – Sensitivity
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Figure 6. Symptomatic remission – Brier score
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Figure 7. Functional remission – Area Under the ROC curve
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Figure 8. Functional remission – Accuracy
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Figure 9. Functional remission – Sensitivity
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Figure 10. Functional remission – Speci�city
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Figure 11. Functional remission – Balanced accuracy
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Figure 12. Functional remission – Brier score
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Supplement 4. Interrater agreement by intraclass correlation coe�cients (ICCs)

Participants are labeled by group number (G1-G3) and psychiatrist (P) or resident (R) status
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Supplement 5. Relationships and distributions of predictions by multidimensional scaling plots

PSY pre-MLM PSY post-MLM MLM

Each psychiatrist is represented by a di�erent color.
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Supplement 6. Changes in predictions by psychiatrists post-MLM

Symptomatic 

remission1

Functional 

remission2

Change prediction post-MLM – absolute 25.6% (122/476) 26.3% (127/482)

Mean proportion of changed predictions 25.8% (range 0-77%) 26.7% (range 5-77%)

Mean absolute % of change in prognosis prediction 16.3% (range 0-29%) 21.3% (range 6-47%).

Change in correct direction 11.6% (55/476) 15.6% (75/482)

Change in wrong direction 14.1% (67/476) 10.8% (52/482)

Cases with at least one change 75.8% (50/66) 72.7% (48/66)

Change prediction post-MLM– dichotomized 9.2% (44/476) 8.7% (42/482)

Change in correct direction 4.2% (20/476) 4.4% (21/482)

Change in wrong direction 5.0% (24/476) 4.4% (21/482)

Cases with at least one change 39.4% (26/66) 37.9% (25/66)

1 For 52 predictions spread over 11 cases there was no ML-prediction available for participants do 

to a technical error
2 For 46 predictions spread over 9 cases there was no ML-prediction available for participants do 

to a technical error
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Supplement 7. Visualization of accuracy of predictions pre- and post-MLM
110002 110030 110031 110037 110014 110015 110017 110036
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Figure 1a. Symptomatic remission - group 1
G2P1 G2P2 G2P3 G2P4 G2R1 G2R2 G2R3 G2R4

1 1 1 1 1 1 1 1 1
3 4 2 2 3 4 2 2 2
7 4 4 3 4 2 4 3 3

11 1 1 1 1 1 1 1 1
15 1 1 1 1 1 1 1 1
19 4 3 4 4 4 3 4 2
23 4 4 4 4 4 4 4 4
25 4 4 4 4 4 4 4 4
28 1 5 5 6 1 5 5 1
30 4 4 4 4 4 4 4 2
34 1 5 5 5 5 5 5 5
36 2 4 3 3 2 4 2 4
40 4 2 8 2 9 9 8 9
42 5 1 8 1 8 8 8 9
43 1 5 6 5 6 6 6 6
46 4 4 2 2 4 2 2 4
55 4 4 2 4 4 4 4 4
59 5 1 1 1 5 1 1 5
61 5 1 8 5 9 8 9 9
62 4 4 2 2 4 4 2 4
63 5 5 8 1 8 9 8 9
65 1 5 5 5 5 1 5 5

Figure 1b. Symptomatic remission – group 2
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G3P1 G3P2 G3P3 G3P4 G3R1 G3R2 G3R3 G3R4
2 1 1 1 1 1 1 1 1
5 2 2 2 2 2 2 2 4

10 5 5 1 1 5 5 5 5
12 8 2 2 2 8 8 8 8
13 1 5 1 6 1 6 1 1
14 4 4 2 4 4 2 2 2
16 6 5 5 1 1 1 1 1
18 4 4 4 4 4 2 2 4
22 5 1 1 1 1 1 1 6
24 5 5 5 5 5 5 1 5
27 1 1 1 1 1 1 1 1
32 2 2 2 4 3 4 2 2
33 4 4 3 3 7 2 4 3
37 4 2 4 4 4 4 4 4
45 1 1 5 5 1 1 1 5
47 6 1 6 1 1 1 1 1
48 1 1 1 1 1 1 1 1
49 2 2 2 4 2 2 2 4
50 8 4 4 3 9 8 8 8
51 8 1 1 5 8 9 8 8
56 5 5 5 1 5 1 6 6
66 9 5 1 1 9 9 9 8

Figure 1c. Symptomatic remission – group 3
G1P1 G1P2 G1P3 G1P4 G1R1 G1R2 G1R3 G1R4

4 1 1 1 1 5 5 1 1

6 6 6 1 1 5 5 1 6

8 1 1 1 1 5 1 1 1

9 8 8 1 1 9 8 8 1

17 1 1 1 1 5 1 1 1

20 5 5 5 5 5 1 5 5

21 3 3 3 4 4 4 2 3

26 6 6 1 5 5 1 1 6

29 5 1 1 5 5 6 1 5

31 8 8 1 1 9 8 9 1

35 1 1 1 1 5 1 1 1

38 1 1 1 1 5 1 1 1

39 4 2 3 4 4 4 4 4

41 4 2 2 2 4 4 2 2

44 2 3 2 4 4 2 2 2

52 1 1 1 5 1 1 1 1

53 1 1 1 1 1 6 1 1

54 4 4 3 3 2 3 3 4

57 8 8 1 1 1 8 8 1

58 1 1 1 1 5 1 1 1

60 1 1 5 5 5 5 6 1

64 1 1 1 5 5 1 1 1

Figure 2a. Functional remission - group 1
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G2P1 G2P2 G2P3 G2P4 G2R1 G2R2 G2R3 G2R4

1 1 1 5 5 1 5 6 5

3 8 1 8 1 8 8 8 8

7 5 5 1 5 5 1 1 1

11 8 2 8 2 8 9 8 8

15 1 5 1 1 5 5 1 1

19 5 6 1 1 1 1 6 1

23 5 1 1 1 1 1 1 1

25 2 2 3 4 4 3 4 4

28 5 1 1 1 1 1 1 6

30 1 1 5 5 1 1 1 1

34 1 1 1 1 1 1 1 1

36 2 2 2 4 3 3 2 2

40 1 1 1 1 1 1 1 1

42 1 1 1 1 1 1 1 1

43 1 1 1 1 1 1 1 1

46 5 1 1 1 1 1 1 1

55 4 4 2 4 4 3 2 2

59 5 1 1 1 1 1 1 5

61 5 1 1 5 1 1 1 5

62 5 1 8 1 8 8 8 8

63 5 1 1 1 1 1 1 1

65 5 1 8 1 8 8 8 8

Figure 2b. Functional remission – group 2
G3P1 G3P2 G3P3 G3P4 G3R1 G3R2 G3R3 G3R4

2 5 6 5 5 1 1 5 5

5 1 1 1 1 1 1 1 1

10 1 1 5 1 1 1 1 1

12 2 2 2 3 2 2 4 2

13 5 1 5 1 1 1 1 5

14 5 1 1 1 1 1 6 1

16 1 5 5 1 5 1 6 6

18 2 2 2 4 2 4 2 4

22 2 4 2 3 2 3 2 3

24 8 1 1 1 8 8 8 8

27 1 5 5 1 1 1 6 5

32 1 1 1 1 1 6 1 1

33 1 6 1 1 1 5 1 1

37 4 2 4 4 4 4 3 3

45 1 1 1 1 1 1 1 1

47 5 1 5 1 5 5 5 5

48 6 1 1 1 5 1 1 1

49 1 1 1 1 1 1 1 1

50 5 1 1 1 1 1 1 1

51 1 1 1 1 1 1 1 1

56 8 1 1 1 8 8 8 8

66 4 4 4 4 4 4 4 2

Figure 2c. Functional remission – group 3

1 PSY correct + MLM correct -> PSY correct - nothing going on
2 PSY correct + MLM wrong -> PSY correct - good that PSY did not listen to MLM
3 PSY correct + MLM wrong -> PSY wrong - PSY should not have listened to MLM
4 PSY wrong + MLM wrong -> PSY wrong - the difficult cases
5 PSY wrong + MLM correct -> PSY wrong - PSY should have listened to the MLM
6 PSY wrong + MLM correct -> PSY correct - MLM helps man!
7 PSY wrong + MLM wrong -> PSY correct - strange
8 PSY correct -> no correct MLM data available for PSY
9 PSY wrong -> no correct MLM data available for PSY
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Supplement 8. Relative similarity between cases based on patient characteristics (t-SNE 

plot)

The following baseline patient information* was used:

Characteristics:

•	 Demographic: age (con), sex (m/f), occupation (y/n), highest level of education (cat), 

living alone (yes/no).

•	 Diagnostic: DSM-IV classification (Schizophrenia / Schizoaffective disorder / 

Schizophreniform disorder), current treatment setting (Inpatient / Outpatient / Day 

Care / Other)

Measurements:

•	 Calgary Depression Scale for Schizophrenia (CDSS): total score (con)

•	 Subjective well-being under Neuroleptic Treatment Scale (SWN-K): total score (con)

•	 Mini International Neuropsychiatric Interview (MINI): mood disorder (y/n), anxiety 

disorder (y/n), substance abuse/dependence (y/n)

•	 Positive And Negative Syndrome Scale (PANSS): positive (con), negative (con), general 

(con), total score (con)

•	 Personal and Social Performance Scale (PSP): domain A (con), domain B (con), domain 

C (con), domain D (con), total score (con)

•	 Clinical Global Impression scale (CGI-severity): total score (con)

*All input features were standardized for use in the t-SNE plot
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Figure 1a. t-SNE plot - Symptomatic remission (all groups)

Figure 1b. t-SNE plot - Functional remission (all groups)

In the t-SNE plot, each case is represented by a data point. The position of the data points relative to 

each other is determined based on the case characteristics. Cases with more similarities are closer 

together than those that di�er more. Red data points represent the ‘hard cases’; the cases that the 

MLM predicted correctly, while fewer than four psychiatrists did so correctly. The red points are not 

neatly grouped, meaning they cannot be identi�ed based on case characteristics.
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INTRODUCTION

Schizophrenia spectrum disorders have highly variable outcomes, making accurate and 

individualized outcome prediction - essential to personalized care - a challenging task. 

When faced with medical uncertainty, consulting a colleague for a second opinion is 

standard clinical practice, preferably from an expert in the relevant �eld. But who is the 

expert that should be consulted in this topic?

Our recent study ‘Prognostic predictions in psychosis: exploring the complementary role 

of machine learning models’, revealed that predicting remission at 10 weeks is challenging 

for psychiatrists (N = 24), with an accuracy of 0.52 for symptomatic remission and 0.75 for 

functional remission. 156 Predictive performances of our machine learning model (MLM) 

were comparable to those of psychiatrists. Additional analyses (unpublished) using linear 

regression analysis found no support for our hypothesis that more years of experience 

as a medical doctor in psychiatry improve predictive accuracy for clinical remission (	 

= -0.007, p = 0.02, with an e�ect in the opposite direction) or functional remission (	 = 

-0.0002, p = 0.97).

Lived experience is increasingly recognized as a valuable source of knowledge, 

complementing scienti�c and professional expertise. 157 It encompasses resilience, personal 

growth, recovery, and self-direction in navigating profound life challenges. We explored 

how the prognostic performance of experts by experience (EBE) compares to that of 

psychiatrists (PSY), emphasizing its potential as an equal and complementary perspective 

in mental health care.

METHOD

Four EBEs and eight PSYs predicted the probability of symptomatic and functional 

remission at 10 weeks based on written baseline information from 22 patients in the 

OPTiMiSE trial.158 The actual remission status at 10 weeks was determined using PANSS 

scores (symptomatic remission) and PSP scores (functional remission), based on follow-

up data from the OPTiMiSE trial.

The four EBE were female, aged 33 to 59 years, with 9 to 27 years of lived experience with 

psychosis. The PSY group included four psychiatrists and four residents in training, 50% 

of whom were female, aged 29 to 66 years (mean 39 years), with 2 to 35 years (mean 12 

years) of experience treating individuals with psychosis.
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Predictive accuracy was calculated for each group and compared between groups using 

unequal variances Welch’s t-test. Next, predictive agreement was compared. First, predictive 

agreements across the EBE group and across the PSY group, and pairwise interrater 

agreements were calculated with intraclass correlation coe�cients (ICCs). The pairwise 

ICCs were compared between the groups using a Mann-Whitney-U test. Second, the raters’ 

individual predictions were used to calculate Euclidean distances between raters. Classical 

multidimensional scaling (MDS) was applied to this distance matrix to place each rater in 

a 2D ‘rater space,’ where raters with more comparable predictions are positioned closer to 

one another, while raters with greater disagreement are positioned further apart.

RESULTS

The mean prognostic accuracy of the four EBEs was not signi�cantly di�erent from that of 

the eight PSYs (symptomatic remission; EBEs 0.51, PSYs 0.48, p = 0.64, functional remission; 

EBEs 0.58, PSYs 0.67, p = 0.69).

Predictive agreement (ICC) was poor (ICC <0.5)144 for both the EBE and the PSY group. For 

symptomatic remission, the ICC for the EBEs was 0.03, and for the PSYs 0.08. For functional 

remission, the ICC for the EBEs was 0.02 and for the PSYs 0.22 (table 1). For functional 

remission, pairwise EBE–EBE ICCs were signi�cantly lower than the PSY-PSY ICCs (p = 0.001), 

while for symptomatic remission, no signi�cant di�erence was found (p = 0.34). The main 

results of the pairwise ICCs between EBEs, between PSYs, and between EBEs and PSYs are 

presented in table 1.

Multidimensional Scaling (MDS) of the relationships and distributions of predictions at case-

level for EBE and PSY showed that, for both symptomatic and functional remission, the 

predictions of the EBE did not di�er from that of the PSY (all in the same cloud)(�gure 1).
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Table 1. Interrater agreement

Group ICC 

(95%CI)

Lowest 

pairwise 

ICC

Highest 

pairwise 

ICC

Pairwise 

ICCs

> 0.5 (n)

Comparison of 

EBE-EBE ICCs 

vs PSY-PSY 

ICCs by Mann-

Whitney-U-test

Symptomatic remission

Experts by experience (n=4) 0.03 (-0.02; 0.14) -0.24 0.48 0/66 p = 0.34

Psychiatrists (n=8) 0.08 (0.01; 0.22)

Functional remission

Experts by experience (n=4) 0.02 (-0.02; 0.11) -0.18 0.62 3/66 p = 0.001

Psychiatrists (n=8) 0.22 (0.10; 0.41)

ICC = intraclass correlation coe�cient. EBE = expert by experience. PSY = psychiatrist.
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Figure 1. MDS Scaling plots visualising comparibility of predictions

a. Symptomatic remission

b. Functional remission
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DISCUSSION

Our explorative analyses show that: 1) Years of experience as a medical doctor in psychiatry 

are not associated with higher predictive accuracy; 2) predictive accuracy of EBEs is similar 

to that of PSYs, though (very) poor; and 3) EBEs do not predict ‘di�erent’ from PSYs, with 

both showing very low interrater agreement. Limitations of this analysis include the low 

number of participants, the reliance on written data for assessment rather than direct 

patient interaction, and the fact that EBE predicted outcomes for others rather than 

themselves. With no clear “expert” identi�ed, leveraging collective intelligence through 

second opinions - whether from MLMs, clinicians, or individuals with lived experience - 

emerges as a promising strategy.
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ABSTRACT

Introduction: Psychiatric comorbidities have a signi�cant impact on the course of illness 

in patients with schizophrenia spectrum disorders. To accurately predict outcomes for 

individual patients using computerized prognostic models, it is essential to consider these 

comorbidities and their in�uence.

Methods: In our study, we utilized a multi-modal deep learning architecture to forecast 

symptomatic remission, focusing on a multicenter sample of patients with �rst-episode 

psychosis from the OPTiMiSE study. Additionally, we introduced a counterfactual model 

explanation technique to examine how scores on the Mini International Neuropsychiatric 

Interview (MINI) a�ected the likelihood of remission, both at the group level and for 

individual patients.

Results: Our �ndings at the group level revealed that most comorbidities had a negative 

association with remission. Among them, current and recurrent depressive disorders 

consistently exerted the greatest negative impact on the probability of remission across 

patients. However, we made an interesting observation: current suicidality within the past 

month and substance abuse within the past 12 months were associated with an increased 

chance of remission in patients. We found a high degree of variability among patients at 

the individual level. Through hierarchical clustering analysis, we identi�ed two subgroups: 

one in which comorbidities had a relatively limited e�ect on remission (approximately 

45% of patients), and another in which comorbidities more strongly in�uenced remission. 

By incorporating comorbidities into individualized prognostic prediction models, we 

determined which speci�c comorbidities had the greatest impact on remission at both 

the group level and for individual patients.

Discussion: These results highlight the importance of identifying and including relevant 

comorbidities in prediction models, providing valuable insights for improving the treatment 

and prognosis of patients with psychotic disorders. Furthermore, they open avenues for 

further research into the e�cacy of treating these comorbidities to enhance overall patient 

outcomes.
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INTRODUCTION

Psychiatric comorbidity is highly prevalent in schizophrenia spectrum disorders (SSD). 

Among a cohort of 1446 schizophrenia patients, 56% had at least one additional mental 

health disorder. 159 Substance use disorders were found in 42% of patients,160 anxiety 

disorders in 38%,3, major depressive disorders in 32%,161, ADHD in 10-60%,162 and autism 

spectrum disorders in 3.6%.163 Previous studies primarily focused on examining individual 

diagnoses in SSD, despite the complexity of comorbidities extending beyond dualities. 

This may be attributed to genetic correlations between psychiatric disorders, 164 symptom 

overlap within classi�cation systems, and the signi�cant impact of having SSD and receiving 

treatment for it (iatrogenic comorbidity) on overall mental health.

Psychiatric comorbidity in SSD serves as a negative prognostic factor. Prior research has 

demonstrated that the presence of comorbid mental health disorders in patients with SSD is 

associated with reduced symptomatic improvement, 3, 4 higher readmission rates,161, 165 poorer 

functioning, 3 lower quality of life, 166 and increased suicidality.167 Speci�cally, comorbid anxiety 

disorders have been linked to worse initial outcomes in �rst-episode psychosis, more severe 

clinical features in later stages of schizophrenia, and poorer functioning. 3 Obsessive compulsive 

disorder has been associated with more positive and global psychotic symptoms in patients 

with schizophrenia.168 Post-traumatic stress disorders have been associated with higher levels 

of positive and general symptoms, more neurocognitive impairment, worse functioning 

and lower quality of life. 169 Comorbid depressive symptoms and depressive disorders are 

associated with a higher number of lifetime hospitalizations, 161 reduced chances of functional 

remission,170 lower quality of life, 166, 171 and increased suicidality.167 Moreover, comorbid substance 

use disorders are linked to more positive symptoms, 172 more frequent clinical exacerbations, 

impaired global functioning and higher relapse rates, 173 increased readmissions,165 and elevated 

suicide attempts.167

Machine learning (ML) has emerged as a valuable tool for outcome prediction in early psychosis. 174 

By analyzing extensive clinical data, ML algorithms can identify intricate patterns that may 

elude human perception, including subtle interactions among symptoms, demographics, and 

other factors. In clinical applications, it is essential to explain the decisions made by complex 

ML models. The model explanation provides insights into the most in�uential features or 

variables guiding predictions, enhancing transparency and comprehensibility for non-experts, 

and facilitating communication between clinicians and patients.

One promising approach for interpreting complex ML models is the counterfactual model 

explanation.175 This technique involves generating hypothetical instances that would result 

in di�erent outcomes, shedding light on the model’s decision-making process. What 
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sets counterfactual interpretation apart is its ability to explain individual patient-level 

decisions, making it suitable for precision medicine applications. By leveraging the power 

of ML and employing a counterfactual model explanation, we aim to assess the role 

of psychiatric comorbidity as a predictor of SSD outcomes. This research contributes to 

the advancement of personalized prognostic prediction models by introducing a new ML 

pipeline that enables more accurate and tailored treatment for patients with SSD.

METHODS

OPTiMiSE Dataset

In this study, we use the OPTiMiSE dataset that has been collected in a multicenter 

antipsychotic three-phase switching study. 141 In this dataset, the patients with �rst-episode 

psychosis were examined at multiple visits and across three phases of the study in which 

the patients were treated with three antipsychotic medications: amisulpride, olanzapine, 

and clozapine. In our experiments, we used the data from the �rst two phases of the study. 

446 patients were enrolled in this study. In the �rst phase, the patients were treated with 

amisulpride for four weeks. At the end of the �rst phase, the patients who met Andreasen’s 

symptomatic remission criterion were excluded. 17 371 patients completed the �rst phase. 

The rest of the patients went on to the second phase and, a�ter randomization, either 

continued using amisulpride or switched to olanzapine for another six weeks. Among 72 

patients who completed the second phase, 66 patients without missing PANSS records were 

used in our analysis. Of these 66 patients, 79% are males with a mean (SD) age of 25.3 (0.8) 

years. Most of them had a DSM classi�cation of schizophrenia (67%) or schizophreniform 

disorders (32%) and one patient had a schizoa�ective disorder (2%). At baseline, 55% of 

the patients were admitted while 45% were outpatients. The mean (SD) duration of the 

current psychotic episode was 2.5 (0.5) months. Only 32% of the patients had (volunteer)

work or school at baseline. 30% of the patients su�ered from one or more psychiatric 

comorbidities in the present or past; 21% of them had one or more mood disorders, 18% 

had one or more anxiety disorders, and 5% had one or more substance use disorders. In 

addition, 20% had been suicidal in the past month.

We used a set of 179 measures (table 1) as predictors in our psychosis prognosis prediction 

model. This set of inputs is a mixture of continuous, categorical, and binary variables 

with missing values. For continuous variables, we used the median to impute the missing 

values. Then a robust min-max scaler is employed to rescale the measures to the range 

of (0,1). The missing binary and categorical variables are imputed with the most frequent 

category. The categorical variables are then one-hot encoded. For binary variables (such 

as the presence or absence of comorbidity by the MINI), a simple -1/1 encoding is used.
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Table 1. Features from the OPTiMiSE study that are used as predictors in our model

Type Number of 

Features

Features Visits

Demographic 20 Age (con), Sex (bin), Race (cat), Immigration 

status (bin), Marital status (bin), Divorce status 

(bin), Occupation status (bin), Occupation type 

(cat), Previous occupation status (bin), Previous 

occupation type (cat), Father’s occupation (cat), 

Mother’s occupation (cat), Years of education (con), 

Highest education level (cat), Father’s highest degree 

(cat), Mother’s highest degree (cat), Living status 

(bin), Dwelling (cat), Income source (cat), Living 

environment (cat)

Baseline

Diagnostic 7 DSM-IV classi�cation (cat), Duration of the current 

psychotic episode (con), Current psychiatric treatment 

(cat), Psychosocial interventions status (bin), 

Estimated prognosis (cat), Hospitalization status (bin)

Baseline

Lifestyle 7 Recreational drugs history (bin), Recreational drugs 

since last visit (bin), Ca�eine drinks per day (con), 

Last ca�eine drink (cat), Drink Alcohol (bin), Alcoholic 

drinks in the last year (cat), Smoking status (bin)

Baseline

Somatic 11 Height (con), Weight (con), Waist (con), Hip (con), BMI 

(con), Systolic blood pressure (con), Distolic blood 

pressure (con), Pulse (con), ECG abnormality (bin), Last 

mealtime (cat), Last meal type (cat)

Baseline

Treatment 1 Average medication dosage (con) Baseline

CDSS 9 Calgary Depression Scale for Schizophrenia (con) Baseline

SWN 20 Subjective Well-being under Neuroleptic Treatment 

Scale (con)

Baseline

MINI 48 Mini International Neuropsychiatric Interview Baseline

PANSS 30 Positive And Negative Syndrome Scale (con) Baseline, 

Weeks 2, 3, 

5, 6, 8

PSP 5 Personal and Social Performance Scale (con) Baseline, 

Weeks 2, 3, 

5, 6, 8

CGI 2 Clinical Global Impression Scale severity and 

improvement (con)

Baseline, 

Weeks 2, 3, 

5, 6, 8

con = continuous measure, bin = binary measure, cat = categorical measure.
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Analysis pipeline

Figure 1 depicts an overview of the analysis pipeline introduced in this study. The pipeline 

includes four steps: 1) training the classi�er, 2) prediction of the probability of symptomatic 

remission in the actual scenario in which the patient’s comorbidity status is kept unchanged, 

3) prediction of the probability of symptomatic remission in the counterfactual scenario in 

which the patient’s comorbidity status is changed by �ipping a comorbidity feature, and 

4) model explanation by computing the e�ect of each comorbidity measure on the �nal 

predicted probabilities. The subsequent sections will delve into a detailed description of 

each step, elucidating the methodologies and processes involved.

Figure 1. An overview of the analysis pipeline

The pipeline includes four steps: 1) a�ter splitting the patients’ status into the training and the test 

set (for example, using K-fold cross-validation) a classi�er is trained on the training set to predict the 

symptomatic remission of patients; 2) the trained classi�er is used to predict symptomatic remission 

of patients in the test set in an actual scenario, i.e., on real data; 3) a�ter generating counterfactual 

versions of samples in the test set, the predictions in the counterfactual scenarios are computed; 

and 4) by computing the di�erence between the predicted probabilities for symptomatic remission 

in the actual and counterfactual scenarios the e�ect of each comorbidity feature on the �nal 

prediction is evaluated for a further model explanation.

Step 1: Training the classi�er and making predictions in actual scenarios

In this study, we adopted a recurrent deep neural network architecture proposed by van 

Opstal et al. for predicting symptomatic remission. 143 The architecture is depicted in �gure 

2. This architecture e�ectively handles both dynamic and static patient statuses, making it 

well-suited for psychosis prognosis prediction using the OPTiMiSE dataset, which includes 

a combination of dynamic (e.g., PANSS, PSP, CGI) and static features (e.g., demographic and 

comorbidity features).
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Figure 2. Neural network architecture

The neural network architecture from van Opstal et al. 143 is adopted in this study. The architecture 

consists of 1) modality-speci�c LSTM layers that learn a middle representation for dynamic (time-

varying) features including PANSS, PSP, and CGI from timepoint 0 to t; 2) a fusion layer that merges the 

preprocessed static features (which do not change over time) with dynamic middle representations; 

3) the interaction layer consisting of outcome-speci�c time-distributed dense layers that seek to 

bene�t from interaction between static features and dynamic features from di�erent modalities; 

and 4) the output layer with time-distributed so�tmax and dense layers that predict the outputs at 

the next time step t+1 (SR: symptomatic remission, FR: functional remission, CR: clinical remission).

The architecture begins by transforming the dynamic features into a latent representation 

using long short-term memory (LSTM) units. This latent representation is then merged 

with the static features and fed into a series of fully connected layers to produce the �nal 

prediction. A comprehensive description of the model architecture and training procedure 

can be found in van Opstal et al.,143 and we followed the same training procedure outlined 

in that work. The training procedure encompasses feature preprocessing, pretraining on 

synthesized data, data augmentation, training on augmented data, and model calibration. 

During the training process, a multi-objective loss function is optimized, incorporating 

weighted mean squared and categorical cross-entropy loss functions for regression and 

classi�cation tasks, respectively. To facilitate the optimization, an Adam optimizer with an 

initial learning rate of 3 x 10 -4 is utilized. Additionally, an exponential learning rate decay 

with a decay rate of 0.9 and decay steps of 10,000 is applied. In the pretraining phase, the 
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network undergoes training for two epochs, employing a mini-batch size of 25 samples. 

Subsequently, during the training phase, the network is further trained on augmented data 

for 50 epochs, using a mini-batch size of 2 samples (see van Opstal et al. for more details 

about the architecture and training procedures). 143 To evaluate the prediction model’s 

performance, we conducted 20 repetitions of 10-fold and one-site-out cross-validation. 

The classi�cation model was assessed using various metrics, including the area under 

the receiver operating characteristic curve (AUC), balanced accuracy (BAC), sensitivity, 

and speci�city. To assess the impact of including the MINI-PLUS features on the model’s 

performance in predicting symptomatic remission, we trained the model both with and 

without the MINI-PLUS items as inputs.

Steps 2-4: Prediction in counterfactual scenarios and model explanation

Here, we introduce a counterfactual model explanation technique to study the e�ect of 

comorbidity on the chance of symptomatic remission of patients. 175 The counterfactual 

model explanation is an emerging technique for explaining decisions of complex “black-

box” models. A counterfactual explanation de�nes a causal scenario by envisioning an 

alternative reality X’ for a speci�c event X’, leading to a di�erent outcome. This type 

of reasoning allows us to understand the causal relationships between events and 

outcomes. In ML, counterfactual explanations are used to clarify individual predictions. 

By generating counterfactual examples, where feature values are changed, we can analyze 

how predictions respond, providing valuable insights for various applications, such as 

treatment outcome prediction. 176

For example, consider a medical scenario where a MLM predicts treatment outcomes for 

patients. The event is the predicted outcome, like successful recovery or adverse e�ects, 

and the causes are speci�c patient features, such as age, medical history, and treatment 

protocol. Generating counterfactual explanations involves altering the feature values of a 

patient to explore di�erent treatment scenarios and analyze how the prediction changes. 

This approach can help medical practitioners understand the critical factors that in�uence 

treatment success and identify potential improvements for better patient outcomes.

In this study, we introduce a counterfactual model technique to evaluate the e�ect of 

psychiatric comorbidity from the Mini International Neuropsychiatric Interview PLUS (MINI-

PLUS) on symptomatic remission in �rst-episode psychosis. To this end, we used MINI-

PLUS without the schizophrenia spectrum disorders items, resulting in 48 binary entries 

(see supplement 1 for the complete list). The e�ect of each MINI item on the probability 

of symptomatic remission of an individual patient, i.e., the feature importance map, is 

computed in three steps (�gure 3):
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Figure 3. Model explanation procedure

The model explanation procedure consists of 3 steps. 1) For an actual sample (in the test set) with 48 

binary MINI items (C1, C2,…, C48), 48 counterfactuals are generated where in each counterfactual sample 

only one binary feature value is �ipped from ‘yes’ to ‘no’ or from ‘no’ to ‘yes’ (colored in yellow). 2) The 

probabilities of symptomatic remission for the actual and 48 counterfactual samples are predicted by 

the trained classi�er. 3) The feature importance map for a given patient is compiled by computing the 

e�ect size for every 48 comorbidity features. The e�ect size for feature C i is computed by subtracting 

the predicted probability of remission in the actual/counterfactual scenario in which Ci = ’no’ from the 

predicted probability of remission in the counterfactual/actual scenario in which C i = ’yes’.

1.	 Generating the counterfactuals: given the actual 48 binary MINI items (C1, C2,…, C48) for 

a speci�c patient in the test set, 48 counterfactual samples are generated. For each 

counterfactual sample, exactly one binary item is �ipped from “yes” to “no” or “no” to 

“yes”. The rest of the items remain unchanged.

2.	 Prediction: the probabilities of symptomatic remission for each patient are predicted 

by the trained classi�er, both for the actual sample and the 48 counterfactual samples.

3.	 Computing the feature importance maps: for a given patient the feature importance 

map is compiled by computing the e�ect size for each of the 48 items. The e�ect size 

evaluates how having a certain comorbidity a�ects the probability of symptomatic 
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remission in an individual patient. Therefore, the e�ect size for the i th item Ci is 

computed by subtracting the predicted probability of remission in the actual/

counterfactual scenario in which C i = “no” from the predicted probability of remission 

in the counterfactual/actual scenario in which Ci = “yes” (i.e., prob(remission|Ci = yes) 

- prob(remission|C i = no).

The process of computing the feature importance maps is repeated for all patients in 

the test set and across di�erent folds in 10-fold cross-validation. The result is a feature 

importance map for each patient, indicating the e�ect of each comorbidity item on the 

probability of remission. A�ter computing these maps for all patients, we can i) calculate 

the group-level feature importance (see section 3.2); and ii) �nd sub-groups of patients 

with similar comorbidity e�ects on the symptomatic remission (see section 3.3). The 

statistical signi�cance of the comorbidity e�ects at the group level was determined through 

Bonferroni-corrected Wilcoxon rank-sum tests using a bootstrapped null distribution.

RESULTS

Including comorbidities: same prediction performance, but a better balance between 

sensitivity and speci�city

Figure 4 depicts the comparative prediction performance of psychosis prognosis prediction 

models, both with and without MINI-PLUS comorbidity items, across 20 repetitions of 10-

fold cross-validation. We employed the Mann-Whitney U test 177 to evaluate the statistical 

signi�cance of the di�erence between the performance of the two models. The area under 

the curve (AUC) values for the two predictors do not exhibit a statistically signi�cant 

di�erence (0.66 ± 0.02 for the predictor without comorbidity features and 0.67 ± 0.03 for 

the predictor with comorbidity features). However, the model with comorbidity features 

demonstrates a signi�cantly (p-value < 0.05) higher speci�city, compensating for a 

0.06 reduction in model sensitivity. The marginal improvement achieved by including 

comorbidity features in the prediction models may be attributed to their correlation with 

other included features. Nonetheless, the predictor with comorbidity features exhibits a 

more desirable balance between sensitivity and speci�city, thereby enhancing its potential 

as a diagnostic clinical tool.

Negative associations between comorbidities and remission at group level

Figure 5 provides a comprehensive summary of the impact of 48 binary MINI comorbidity 

items on the likelihood of achieving remission at the group level. To facilitate interpretation, 

the items are arranged according to their e�ect in descending order from the most negative 

to the most positive. The results obtained at the group level reveal statistically signi�cant 
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negative group e�ects (p-value < 0.001, Bonferroni-corrected) for "Major depressive 

episode: current" with an average Wilcoxon test r-value of 0.66 (an r-value above 0.5 

represents a large e�ect size), “major depressive episode: recurrent” with an average 

r-value of 0.64, “major depressive episode with melancholic features: recurrent” with an 

average r-value of 0.50. These e�ects, characterized by medians close to or below -0.05, 

demonstrate a pronounced in�uence on remission probability (scale: 0-1). Conversely, a 

few items, such as “suicidality: current” with an average r-value of 0.72 and “substance 

abuse: past 12 months” with an average r-value of 0.73, exhibit intriguingly positive e�ects 

on remission probability at the group level, with medians close to or above 0.05.

Figure 4. Comparison of predictive performance of models with and without comorbidity

Comparison between the prediction performance of predictors without (light grey bars) and with 

(dark grey bars) comorbidity features across 20 repetitions of 10-fold cross-validation. The predictor 

with comorbidity features shows a better balance between sensitivity and speci�city. While there 

is no signi�cant di�erence between the AUCs of the two predictors (0.66 ± 0.02 for the predictor 

without and 0.67 ± 0.03 for the predictor with comorbidity features), the predictor with comorbidity 

features shows signi�cantly higher speci�city compensating 0.06 of model sensitivity (ns: not 

signi�cant, *: Mann-Whitney test p-value < 0.05, **: Mann-Whitney test p-value < 0.01).
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Figure 5. Impact of comorbidity items on the likelihood of remission at the group level

The sorted group e�ect of comorbidities on the probability of remission (x-axis) for 48 MINI binary 

comorbidity measures (y-axis). The boxplots present the median and quartiles for each item in the 

feature importance maps across patients. "Major depressive episode: Current" (C1), "Major depressive 

episode: Recurrent" (C2 ), and "Major depressive episode with melancholic features: Recurrent" (C8 

) show a larger negative group e�ect with a median lower or close to -0.05 (i.e. the e�ect size is 

lower than -0.05 in at least half of patients). "Suicidality: Current" (C 11) and "Substance abuse: Past 

12 months" (C40) show larger positive e�ects at the group level with a median higher or close to 

0.05. All these 5 group e�ects are signi�cantly di�erent from the bootstrapped null distribution 

(Bonferroni corrected Wilcoxon rank-sum test p_value < 0.001).
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Comorbidity e�ects are heterogeneous but clustered at the individual level

The analysis presented in �gure 5 reveals substantial variations in the impact of comorbidity 

items on the probability of achieving symptomatic remission among individual patients. 

To delve deeper into these variabilities, we employed a hierarchical clustering approach 178 

on the feature importance maps derived from patients. For this purpose, we utilized the 

agglomerative clustering method with the ‘ward’ criterion for the linkage function, which 

aims to minimize the variance of the merged clusters. The outcomes of the hierarchical 

clustering are summarized in �gure 6, which indicates the presence of two prominent 

subgroups of patients exhibiting distinct pro�les of comorbidity feature importance.

To gain further insights into the similarities and dissimilarities within these two clusters, 

we computed the mean feature importance maps for each cluster. Figure 7 visualizes the 

results, highlighting the relatively diminished negative e�ect of comorbidity items on the 

predicted probability of remission in the red cluster, which encompasses approximately 

45% of the patients. This contrast becomes evident when comparing these patients to 

those in the blue cluster.

Figure 6. Hierarchical cluster analysis on feature important maps across patients

Hierarchical cluster analysis on the derived feature importance maps across patients (x-axis) reveals 

two major clusters. The probabilities of remission of 30 patients in the �rst cluster (red) are less 

a�ected by the comorbidities compared to 36 patients in the second (blue) cluster.
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Figure 7. Comparison of average feature importance maps between clusters

Visualization comparing the average feature importance maps of the two clusters presented in 

�gure 6. The average feature importance map of the red cluster is closer to zero compared to that 

of the blue cluster, indicating a smaller e�ect of comorbidity measures on patients in the red cluster 

than on those in the blue cluster.

DISCUSSION

We investigated the impact of psychiatric comorbidity on outcomes in patients with early 

psychosis. Our analysis at the group level con�rmed the previously established notion that 

most comorbidities have a negative in�uence on the predicted likelihood of symptomatic 

remission.3, 4 Notably, current and recurrent depressive disorder consistently exhibited the 

most pronounced negative impact on remission probability across patients. It is worth 
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mentioning that while comorbid depressive symptoms and depressive disorder are widely 

recognized as signi�cant negative prognostic factors of SSD, as they diminish the chances 

of functional remission 170 and lower quality of life, 166, 171 our recent systematic review and 

meta-analysis did not �nd an association between depressive symptoms and symptomatic 

remission.108

Interestingly, we observed a positive e�ect of suicidality in the past month on the 

likelihood of remission in patients. However, this association may be confounded by the 

level of insight into illness. Better insight has been identi�ed as a positive predictor of 

symptomatic remission,108 but it is also a risk factor for suicidality in patients with SSD. 179, 180 

Another explanation of the positive e�ect of suicidality in the past month on the likelihood 

of remission may be found in the treatment of these patients; possibly, these patients 

are more o�ten admitted and/or receive a more intense treatment (e.g., co-medication, 

higher doses), leading to an increased chance of remission. Further research is needed to 

elucidate this interaction between suicidality and the chance of remission.

Another unexpected �nding was that substance abuse in the past 12 months positively 

in�uenced the chance of symptomatic remission in patients. Existing literature has provided 

inconclusive results regarding the association between comorbid substance abuse and 

symptomatic remission. A cross-sectional multicenter study involving 1010 patients 

reported a lower likelihood of achieving symptomatic remission among substance abusers 

compared to non-abusers (OR 0.67).181 However, a study based on routinely collected medical 

data from 608 patients revealed that individuals with SSD and comorbid substance abuse 

seemed to stabilize more rapidly during acute hospitalization compared to those without, 182 

which aligns with our �ndings. This observation might be explained by di�erences in 

the correlation between substance use and psychosis. Both clinically and in research it 

is di�cult to di�erentiate between substance-induced psychosis and primary psychotic 

disorders with co-occurring substance abuse.183 Di�erentiation is further complicated by 

the fact that besides positive symptoms, drug e�ects can also mimic negative and cognitive 

symptoms.184 If psychotic symptoms are induced or exacerbated by substance use, they 

may dissipate rapidly upon discontinuation of the substance. 182 However, the transition of 

a diagnosis of substance-induced psychosis to a primary psychotic disorder is common 

and occurs in about 25% of patients.185

The �ndings at the individual level revealed signi�cant variability among patients. 

Approximately 45% of the patients belonged to a subgroup where comorbidities had a 

relatively limited impact on the likelihood of remission. In contrast, the other subgroup 

exhibited a stronger in�uence of comorbidities on remission outcomes. The identi�cation 

of two distinct groups of patients with di�erential e�ects of comorbidities on remission 
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outcomes suggests the presence of underlying clinical heterogeneity within the patient 

population. This heterogeneity could stem from various factors such as di�erences in the 

severity or type of comorbidities, variations in treatment response, or diverse genetic and 

neurobiological factors.

Clinically, the variability of the impact of comorbidities on the likelihood of remission 

between patients has important implications. First, it highlights the need for personalized 

approaches to treatment and care. By recognizing the existence of subgroups with di�ering 

responses to comorbidities, clinicians can tailor interventions based on individual patient 

characteristics. This may involve adjusting medication regimens, implementing targeted 

psychotherapy, or addressing speci�c comorbid conditions to optimize remission outcomes.

Furthermore, identifying these distinct subgroups enables health care providers to 

better allocate resources and prioritize interventions. Patients in the subgroup where 

comorbidities have a limited e�ect on remission may require more focused attention on 

other factors in�uencing their outcomes, such as medication adherence, social support, or 

environmental factors. On the other hand, patients in the subgroup where comorbidities 

strongly impact remission may bene�t from comprehensive management strategies that 

address both the primary condition and the comorbidities concurrently.

Overall, our study sheds light on the complex relationships between psychiatric 

comorbidity and outcomes in early psychosis. These �ndings underscore the importance 

of considering comorbidities when predicting and managing outcomes for patients with 

SSD. Further investigation is warranted to unravel the underlying mechanisms and inform 

the development of targeted interventions for patients with speci�c comorbidities.

Strengths and limitations

To our best knowledge, this is the �rst study that investigated psychiatric comorbidity 

as a predictor in a computerized prognostic prediction model for SSD. One limitation of 

our study is the small number of patients. Our �ndings about the association between 

suicidality and substance abuse with remission are based on 14 patients (21% of the total 

sample) with substance abuse and 13 patients (20% of the total sample) with current 

suicidality. These small numbers increase the risk of chance �ndings. A second limitation 

is that we were not able to analyze the impact of somatic comorbidity as a predictor of 

remission alongside psychiatric comorbidity. Somatic comorbidity is common in patients 

with psychotic disorders, but little is known about a possible association between somatic 

comorbidities and the severity of psychotic symptoms and the e�cacy of treatment. 

Previous research showed that somatic comorbidities were associated with better insight 

and more symptomatic improvement in a �rst-episode schizophrenia sample, 186 while 
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another study found that chronic somatic comorbidities were associated with higher rates 

of rehospitalization in patients with SSD. 187 Unfortunately, the OPTiMiSE dataset did not 

include comprehensive information on somatic comorbidity. We expect a low incidence 

of somatic comorbidity in our study sample, based on the information gathered from the 

medication �les and the fact that the study sample primarily comprised young individuals 

with �rst-episode psychosis. This demographic is generally associated with better physical 

health due to their age. Due to the lack of data on somatic comorbidity, we could not 

determine whether somatic comorbidity is a confounder in the investigated association 

between psychiatric comorbidity in SSD and the chance of symptomatic remission in 

our sample. A third limitation is that the e�ect of comorbidity was tested independently 

without considering potential interactions with other features such as age, lifestyle factors, 

family history, and symptoms of SSD including insight into illness. Further research could 

explore the interplay between comorbidity and other factors to gain a more comprehensive 

understanding of their combined impact on prognosis.

Meaning of the results

Our �ndings highlight the signi�cance of considering psychiatric comorbidities when 

predicting prognosis in schizophrenia spectrum disorders (SSD). However, it is essential 

to acknowledge that our study does not provide insight into the underlying nature of the 

association between SSD and psychiatric comorbidities.

There are several potential explanations for the impact of psychiatric comorbidities on 

the prognosis of SSD. Firstly, the correlation between SSD and psychiatric comorbidity may 

be attributed to a shared genetic vulnerability for psychiatric disorders. This heightened 

genetic susceptibility could exert a negative in�uence on prognosis. Secondly, psychiatric 

comorbidities might arise as reactions to SSD, indicating a more severe disease and 

contributing to unfavorable outcomes. For example, depression could emerge as a reaction 

to the diagnosis of schizophrenia. Thirdly, psychiatric comorbidities could manifest as side 

e�ects of SSD treatment, thereby limiting treatment options and potentially exacerbating 

prognosis. An example of this is the development of obsessive-compulsive disorder as 

a side e�ect of clozapine use, which may necessitate discontinuation of the medication 

and subsequently worsen the prognosis of SSD. Lastly, if the comorbid psychiatric disorder 

is viewed as an independent condition, the increased burden of disease may have a 

detrimental impact on prognosis. In such cases, treating psychiatric comorbidity could 

potentially improve the prognosis of SSD. However, we did not �nd studies investigating 

the e�ect of treating psychiatric comorbidity on the prognosis of SSD.

Further research is necessary to delve into these potential explanations and to explore 

the impact of treating psychiatric comorbidity on the prognosis of SSD.
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CONCLUSION

By using complex MLMs and a counterfactual model explanation technique, we showed 

that at the group level, most psychiatric comorbidities have a negative in�uence on the 

predicted likelihood of symptomatic remission in schizophrenia spectrum disorders. At the 

individual level, we found high variability in the in�uence of the presence of comorbidities 

on the chance of remission. These �ndings highlight the importance of identifying and 

including relevant comorbidities in prediction models and provide valuable insights for 

improving the treatment and prognosis of individual patients with psychotic disorders.
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SUMMARY AND GENERAL DISCUSSION

Evolving perspectives on psychiatric disorders and recovery

This thesis explores the prediction of psychosis prognosis, a topic intrinsically tied to 

evolving perspectives of recovery. As discussed in the introduction, and throughout the 

chapters of this thesis, the zeitgeist profoundly in�uenced how recovery is perceived and 

approached.

Shi�ting conceptualizations of psychiatric disorders

Historically, psychiatric disorders, including schizophrenia spectrum disorders, were 

viewed as discrete brain diseases with presumed pathological or genetic causes. Today, 

they are understood as complex constellations of symptoms arising from multifaceted and 

intertwined etiologies. 188 The absence of de�nitive biological markers complicates diagnosis, 

which continues to rely on symptom-based descriptions within classi�cation systems such 

as the Diagnostic and Statistical Manual of Mental Disorders (DSM) or the International 

Classi�cation of Diseases (ICD).189 However, psychiatric diagnosis extends beyond classi�cation 

systems. The biopsychosocial model underscores the dynamic interplay of vulnerabilities, 

risk factors, resilience, and protective mechanisms, o�ering a more holistic perspective 

on mental health challenges. Transdiagnostic approaches have gained prominence in this 

context, emphasizing shared psychopathological processes across di�erent disorders and 

advocating for interventions targeting these common mechanisms rather than focusing 

exclusively on distinct diagnostic categories. Equally important is recognizing the highly 

individual ways in which patients and their informal caregivers perceive and experience 

symptoms – variability that o�ten resists standardization.

This evolving understanding is particularly evident in the reframing of psychotic disorders. 

Whereas schizophrenia was once considered a singular, progressively deteriorating illness, 

it is now increasingly viewed as part of a broader spectrum. 190-192 This shi�t aligns with 

evidence showing that recovery is possible for many individuals, 193 reinforcing the idea 

that care should be personalized to accommodate each patient’s unique experiences, 

preferences, and goals – principles that are central to the concept of personalized medicine 

and care.

Rede�ning recovery: from endpoint to dynamic process

Recovery is no longer perceived as a de�nitive endpoint or a return to a pre-illness state. 

Instead, it is now understood as a dynamic process centered on achieving balance and 

holistic well-being. This shi�t acknowledges that recovery is multifaceted, extending beyond 

symptom remission to encompass functional and personal recovery. Similarly, the roles of 

stakeholders in mental health care have undergone signi�cant transformation.
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Patients have transitioned from passive recipients of care to active contributors, recognized 

as expert in their own experience. Informal caregivers are now integral members of the 

support network. Meanwhile, health care professionals have moved from an authoritarian, 

paternalistic role to that of a collaborative partner, striving to support the unique needs 

and goals of each patient.

Implications for personalized medicine

Delivering personalized care is the primary goal of the Psychosis Prognosis Predictor 

project, which aims to tailor advice, treatment, and care to the individual’s unique prognosis. 

By considering the interplay of symptomatic, functional, and personal recovery, we can 

develop tools that better predict individual outcomes and inform treatment decisions.

This thesis underscores the need for a nuanced understanding of recovery that recognizes 

the complexity of psychiatric symptoms and diagnosis, integrates diverse stakeholder 

perspectives, and embraces person-centered approaches. Such approaches have broad 

applicability, including in chronic somatic conditions, and highlight the shared human 

need for care that respects individuality and fosters well-being. 194

Integrating evolving insights and perspectives in psychosis recovery research

With taking the above in mind, it is important to recognize that the predictors and outcome 

measures used and identi�ed in this thesis are not �xed, but rather re�ect the current 

trends and understanding within the �eld. This also applies to the pursuit of personalized 

medicine, which remains in an ongoing evolution. Therefore, the value of this thesis lies not 

in uncovering absolute truths or de�nitive de�nitions, but in contributing to the ongoing 

exploration of these concepts from multiple perspectives.

To ensure stakeholder perspectives were consistently integrated throughout the research 

process, a (family) expert-by-experience panel was established for the duration of the 

project. This panel, composed of individuals with lived experience, played an active role 

in formulating research questions, selecting methodologies, and interpreting results. They 

engaged in regular discussions with health care professionals and researchers, ensuring 

that the research was always grounded in real-world experiences.

The use of MLMs is particularly well-suited to addressing evolving insights and emerging 

questions in the �eld of psychosis prognosis prediction, as they excel at repeatedly and 

tirelessly analyzing large datasets to uncover complex relationships within the data, even 

when considering multiple outcome measures. While human analysts may be in�uenced 

by subjective biases, such as personal opinions or expectations, or by cognitive biases that 

re�ect systematic errors in reasoning, MLMs are designed to provide objective analyses. 
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However, it is important to acknowledge that the design, training, and implementation 

of MLMs can still be in�uenced by the choices and preferences of the human analysts 

involved. Furthermore, MLMs have the ability to detect patterns that may elude human 

perception. Another key advantage in the context of evolving insights is their �exibility in 

accommodating new data types and real-world data sources, such as electronic patient 

records, which pose challenges for traditional statistical methods, as these techniques 

o�ten struggle to e�ciently integrate and process multi-modal and unstructured datasets. 

When new predictor variables are introduced, MLMs can assess their relevance and impact 

on the outcomes. Similarly, as new insights arise regarding relevant outcome measures, 

the same input data and model architecture can be adapted to train models for these new 

targets. Additionally, MLMs o�er a cost-e�ective alternative to resource-intensive human 

expertise, providing scalable and continuously available solutions that can be deployed 

online for access by all stakeholders.

Key �ndings and their implications for psychosis prognosis

In Part 1 of this thesis, we investigated predictors and relevant outcome measures of 

psychotic disorders from di�erent stakeholder perspectives.

Predictors of psychosis outcomes: the role of baseline functioning

Many studies have attempted to identify predictors of outcome in schizophrenia spectrum 

disorders (SSD), but results were o�ten inconsistent and di�cult to compare due to 

between-study heterogeneity and incomplete reporting. In� Chapter 3, we presented the 

results of our�systematic review�and meta-analysis to identify predictors of outcome 

�1�year in prospective studies of patients with SSD.�178 studies were included for analysis. 

Our�study showed that the chance of symptomatic remission was lower in males, and 

in patients with longer duration of untreated psychosis, more symptoms, worse global 

functioning, more previous hospital admissions and worse treatment adherence. The 

chance of readmission was higher for patients with more previous admissions. The chance 

of functional improvement was lower in patients with worse functioning at baseline. For 

other predictors of outcome proposed in original research, like age at onset and depressive 

symptoms, limited to no evidence was found. Possible reasons for the discrepancy between 

our �ndings and those of previous studies include the lack of prospective study designs in 

earlier research and substantial between-study heterogeneity. We recommend open access 

to datasets and analysis scripts (within the limitations of privacy legislation), enabling 

other researchers to reanalyze and pool the data.

Our study demonstrated that baseline functioning is the most consistent predictor of 

outcomes across all domains in psychotic disorders. Baseline functioning re�ects not only 

the severity of the illness but also an individual’s developmental history. For �rst-episode 
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psychosis, it provides insight into the degree of prior normal development and subsequent 

functional decline post-onset. Given that psychotic disorders typically emerge during late 

adolescence, a period of critical cognitive and socio-emotional growth, psychosis during 

this time can disrupt key developmental milestones, complicating recovery.

Several variables associated with worse prognosis in �rst-episode psychosis, such as 

lower age at onset,195, 196 and longer duration of untreated psychosis, 197 are closely linked 

to poorer baseline functioning. However, these associations may be confounded by 

baseline functioning itself, which is linked to both these factors and poorer outcome. 198 

Gender di�erences add further complexity. Women tend to have a more favorable short-

term prognosis than men, likely in�uenced by a later age of onset, 199 which o�ten allows 

women to complete their education and establish a stable social network before their �rst 

episode.200, 201 Women also generally exhibit milder cognitive and negative symptoms and 

better insight into their condition. 200, 202 These di�erences might explain their better level 

of functioning at baseline and better compliance with treatment 203, both associated with 

a better prognosis.202 Despite their more favorable short-term prognosis, women seem to 

lose their advantage in global functioning over time, potentially due to suboptimal care, 

highlighting the importance of gender-sensitive care. 200 �

These �ndings highlight the interconnectedness of predictors in schizophrenia spectrum 

disorders, emphasizing the need for a comprehensive, individualized approach to 

understand and address them, ensuring treatment strategies are tailored to the unique 

needs and trajectories of individuals with psychosis.

Clinical implications

To improve prognosis, e�orts should focus on prevention, early detection, and timely 

intervention to minimize the impact of psychotic disorders on development and 

functioning. In primary prevention, public health interventions targeting modi�able 

transdiagnostic risk factors for mental disorders - such as reducing socio-economic 

inequalities, 204 providing parenting training, promoting lifestyle changes 205 and psycho-

education - can improve overall mental health and reduce the risk of developing multiple 

psychiatric disorders, including psychosis.206-208 Additionally, modi�able risk factors more 

strongly linked to psychosis, such as harmful parenting styles, 209, 210 cannabis use,211 and 

adverse childhood experiences,212 should be addressed. In terms of secondary prevention, 

the focus should be on detecting and intervening during the prodromal phase. Treatment 

programs for individuals at ultra-high risk of psychosis can delay the onset by 1–2 years, 

thereby improving outcomes for �rst-episode psychosis. 213
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Perspectives on psychosis outcomes

De�ning and measuring outcomes in SSDs remains a complex task due to the �uctuating 

and nonspecific nature of psychological symptoms. Symptoms, such as auditory 

hallucinations, can vary in intensity in�uenced by factors like stress, distraction and 

substance use. Furthermore, not all individuals (with and without a psychotic disorder) 

�nd these voices distressing or seek to eliminate them. 214 Moreover, approximately 10% of 

the general population reports hearing voices at some point, while the lifetime prevalence 

of a psychotic disorder is 1,5-3%.2, 214 This complicates the establishment of standardized 

outcome measures. For functional and personal recovery, de�ning universal goals is even 

more challenging because de�nitions of recovery o�ten rely on prevailing societal norms. 

For instance, employment is o�ten used as an outcome measure for vocational recovery, 

but unemployment does not necessarily re�ect the impact of a psychotic disorder. 215 

In a recent comparative study, researchers advocated for more reasonable criteria for 

functional recovery a�ter demonstrating that 20% of healthy control participants failed to 

meet established criteria. 216

De�ning outcome measures based on group-level standards can inadvertently impose 

normative judgments and even perpetuate stigma. It carries the risk that normal desires, 

personal and social problems, or opposing viewpoints are misunderstood or misinterpreted 

as being caused by a person’s mental illness.215, 217, 218 On the other hand, it could also be 

considered stigmatizing to refrain from evaluating the circumstances of individuals with 

psychiatric disorders against generally accepted social norms. Moreover, increased social 

participation, including having friendships and employment, is associated with a reduced 

risk of developing psychotic symptoms. 215 This highlights the need for more �exible and 

individualized outcome measures that take into account personal circumstances and 

societal norms.

At present there is a lack of consensus on outcome de�nitions of SSD which hinders the 

comparability of study results and the translation of research �ndings into individual 

patient care. This lack of consensus may be attributed to the diverse interests of 

stakeholders involved. Although o�ten described as a personal and unique process, 

recovery from a psychotic disorder is rarely a journey undertaken without profound 

in�uences of signi�cant others. 219

In Chapter 4, we presented our comparative study of di�erent stakeholder perspectives 

(service users (SUs), informal caregivers (ICs) and health care professionals (HCPs)) 

on�recovery domains of�people with�psychosis. As previously explained, in this thesis, the 

term ‘informal caregivers’ refers to loved ones and family members. The online anonymous 

questionnaire was completed by 106 SUs with (a history of) psychosis, 51 ICs, and 69 HCPs 
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of people with (a history of) psychosis. The study revealed that SUs and ICs accorded equal 

importance to clinical, functional and personal recovery, whereas HCPs emphasized clinical 

recovery. Although such di�erences have been previously documented, the variations in 

prioritization of recovery domains between stakeholder groups were smaller in our study 

compared to those reported in earlier research. 23, 24 This suggests that recovery-oriented 

care might increasingly in�uence clinical practice. 220 While commonalities prevailed, we 

identi�ed several di�erences in prioritizing recovery outcomes and facilitators and barriers 

of recovery among stakeholder groups. Regarding functional recovery, SUs seemed to 

focus on practical issues (e.g. household chores), while ICs addressed the underlying 

causes (e.g. planning and organizing). Disparities were notable in the role of health care 

that was considered as both a facilitator (e.g. medication, good therapeutic relationship) 

or a barrier (limited continuity of care) to recovery, with ICs prioritizing aspects of health 

care more frequently as most important than HCPs. Awareness and understanding of 

these di�erences are crucial for e�ective communication and collaboration between 

stakeholders in recovery-oriented health care. The study underscores the need for ongoing 

dialogue between stakeholders.

Clinical implications

It is relevant for all stakeholders to consider recovery from clinical, functional, and personal 

perspectives, exchange views on these aspects during treatment plan discussions, and 

incorporate them into treatment plans. E�ective collaborations among stakeholders 

requires acknowledging and respecting di�ering perspectives. 219 An open dialogue about 

varying viewpoints is imperative to prevent miscommunication. Innovations in mental health 

care, such as Shared Decision Making, Active Recovery in the Triad (ART), Resource Group 

ACT (RACT), and Peer-supported Open Dialogue (POD), aim to improve communication and 

collaboration in the patient’s network and in clinical care. 132-134 To ensure representation at 

the policy and organizational levels, SU and IC perspectives can be voiced through service 

user and family associations and/or experts with lived experience.

ML-models in psychosis prognosis prediction: potential and challenges

In Part 2 of this thesis, we investigated the possibilities and barriers of implementation 

of MLMs for prediction of outcome in psychotic disorders.

Although over the past two decades numerous studies utilizing MLMs for outcome 

prediction in SSD have emerged, no model has been integrated into clinical practice yet. 

The continuous improvement of algorithms with increasing predictive ability suggests that 

the time has come to explore how to bridge the gap between MLMs’ predictive capabilities 

and clinical practice.
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In Chapter 5, we investigated the potential added value of MLMs in clinical practice by 

comparing their accuracy and reliability to that of psychiatrists, considered the gold 

standard. The MLM demonstrated performance comparable to that of psychiatrists in 

predicting remission. Both showed only modest accuracy (symptomatic remission: MLM: 

0.50, psychiatrists: 0.52; accuracy functional remission: MLM: 0.72, psychiatrists: 0.79), 

re�ecting the inherent complexity of psychiatric outcome prediction. Interrater agreement 

was low but comparable between the MLM and psychiatrists. Knowing the predictions of 

the MLM did not consistently help clinicians enhance prognostic accuracy. Interestingly, 

while the overall performance of the MLM and psychiatrists was similar, their individual 

predictions were not fully aligned. In several cases where psychiatrists were incorrect, 

the MLM provided accurate predictions, suggesting potential for the MLM to assist human 

decision-making. However, identifying these cases remains a signi�cant challenge.

The experts by experience on our panel wondered whether they might outperform 

psychiatrists and the MLM. Our pilot study, presented in Chapter 6, showed that their 

predictive accuracy did not di�er from that of psychiatrists.

To realize the full potential of MLMs in clinical care, several advancements are necessary. 

Improving model accuracy remains a critical priority. Strategies from other domains, such 

as weather forecasting, where complex and dynamic data are integrated, may help enhance 

predictive precision.151 Incorporating longitudinal and multimodal data (e.g., genetic, 

socio-economic, clinical, and behavioral factors), could provide a more comprehensive 

understanding of patient trajectories, enabling more accurate and reliable predictions. 1,42 

However, despite progress in ML, predicting recovery in psychosis will remain challenging 

due to the multifaceted and complex nature of mental health, encompassing biological, 

psychological, and social factors.

Reliability in model outputs is also essential to support clinical decision-making. For clinicians 

to trust MLMs, these models must clearly communicate their level of certainty and abstain from 

predictions when uncertainty is high. 221 However, as observed in Chapter�5, even when models 

explicitly conveyed their "level of certainty", clinicians �nd it di�cult to discern when to rely on 

these predictions. This suggests that whether clinicians rely on MLM predictions is not solely a 

technical challenge of enhancing reliability, but is also shaped by the interaction between the 

model and the user. Factors such as limited understanding of what "model certainty" means, a 

lack of trust in the model, con�icts between the model’s predictions and clinical intuition and 

uncertainty about how to interpret its outputs can all in�uence whether clinicians make use 

of MLM predictions. Addressing these challenges requires not only technical improvements 

but also that clinicians become more familiar with the possibilities and pitfalls of MLMs and 

the integration of MLM predictions into their clinical work�ows.
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Interpretability of the prediction by the end-user is another key aspect for e�ective clinical 

application of MLMs. Transparency about how predictions are generated is crucial for 

fostering trust and supporting decision-making. Chapter 7 illustrated the application of 

explainable arti�cial intelligence (AI) techniques, utilizing counterfactual model explanation 

to evaluate the impact of psychiatric comorbidity on prediction of symptomatic remission 

of psychosis on individual patient level. We identi�ed two distinct groups of patients; 

one subgroup where comorbidities had a relatively limited impact on the likelihood of 

remission while the other subgroup exhibited a stronger in�uence of comorbidities on 

remission outcomes. By recognizing the existence of subgroups with di�ering responses to 

comorbidities, clinicians can tailor and prioritize interventions based on individual patient 

characteristics and needs. By elucidating the in�uence of modi�able variables, such as 

the presence of comorbid conditions, counterfactual explanations provide stakeholders 

with actionable insights that can support personalized treatment strategies and enhance 

(informed) shared decision making, ultimately contributing to improved patient prognosis. 

Presenting predictions in accessible formats, such as visual representations or scenario-

based explanations (e.g., “If the patient stops using cannabis, their chance of symptomatic 

remission increases to 85%”), can further improve interpretability for end-users.

Nonetheless, achieving higher accuracy o�ten relies on complex MLMs, using deep learning 

(also known as "black-box"), which are inherently less interpretable. 222 While the "accuracy-

explainability trade-of" is not absolute, it underscores the tension between optimizing 

performance and maintaining transparency. 223 Some studies showed that the general 

public prioritized reliability and accuracy over explainability, but careful attention must 

be given to balancing these elements in clinical practice. 224 Simpli�ed visualizations and 

clear communication of model assumptions and limitations are essential to mitigate the 

risks associated with opaque systems.

Clinical implications

While the performances of MLMs are promising, replacement of psychiatrists by MLMs 

is neither feasible nor desirable. 225 Psychiatry depends on human interactions, including 

empathy, trust, and personal relationships, which remain central to patient care. 222, 224, 226-228 

Furthermore, legal and ethical accountability for clinical decisions cannot be transferred to 

AI systems, requiring clinicians to integrate model outputs with professional judgment. 222, 

229, 230 Rather than seeking a single “expert,” a more e�ective approach may be to leverage 

collective intelligence through second opinions - whether from MLMs, clinicians, or 

individuals with lived experience. To ensure ethical standards are upheld when MLMs 

are involved in decision-making for individual patients, clear protocols delineating the 

attribution of responsibility are essential. 225-227, 229
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The integration of AI tools into psychiatric care is likely to rede�ne the role of health care 

professionals.224 As MLMs surpass human cognitive abilities in speci�c tasks, clinicians 

will increasingly focus on uniquely human capabilities, such as compassion, complex 

social reasoning, and re�ective judgment. 222, 226 In psychosis prognosis, the most viable 

application of MLMs is as supplementary tools that provide additional insights to SUs, ICs, 

HCPs, researchers and policy makers. 222, 225 These tools hold great potential to enhance 

shared decision making by increasing patient autonomy and providing valuable data to 

guide care.222, 225 However, they also carry risks, such as undermining autonomy through 

paternalistic or opaque processes. 222, 227, 229, 230 Therefore, ensuring that all stakeholders 

understand the capabilities and limitations of MLMs is crucial to their ethical and e�ective 

deployment.224, 230

An applicable analogy can be drawn with weather forecasting: the general public has 

largely come to understand that meteorological predictions are grounded in sophisticated 

computational models and historical datasets. Over the last two decades, signi�cant 

advancements have been made in meteorology, driven by more data collection, new 

modeling techniques, and increasingly powerful computers. While such predictions o�er 

meaningful insights, they remain subject to local variability and uncertainties. Moreover, 

di�erent meteorologists may employ distinct models, which can result in divergent 

forecasts. Similarly, recognizing that MLMs for prognostic prediction generate probabilistic 

outputs based on speci�c datasets and modeling assumptions is essential for managing 

expectations and ensuring that their integration into psychiatric care is both transparent 

and contextually appropriate. However, a key di�erence between weather forecasting 

and psychosis prognosis prediction is that, in meteorology, fundamental natural laws 

(such as air pressure, evaporation, and condensation) are explicitly incorporated into the 

models. These principles provide a solid foundation for predictions. In contrast, psychosis 

prognosis prediction lacks well-established, mechanistic foundations that would explain 

the biological, psychological, and social processes underlying psychosis. This gap means 

that models for psychosis prognosis are not yet built on comprehensive, mechanistic 

understanding, and ongoing research is required to incorporate these factors into 

predictive models, enhancing their accuracy and reliability.

Education plays a pivotal role in addressing these challenges. Medical training programs 

must prepare health care professionals to integrate AI tools into practice, interpret their 

outputs, and e�ectively communicate insights to patients and caregivers. 222, 231, 232 Similarly, 

public education is vital to enable informed and constructive engagement with AI in 

mental health care. 224, 233 By fostering trust, transparency, and familiarity with these tools, 

the opportunities presented by MLMs can be balanced with their risks, ensuring that they 

enhance rather than detract from the patient-centered nature of psychiatric care. 225
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Strengths and limitations

Each of the studies in this thesis has its own speci�c strengths and limitations, which 

are evaluated in the discussion sections of the corresponding chapters. Here, we will 

discuss the overall strengths and limitations of this thesis.

The thesis contributes to the development of prognostic prediction models and their 

implementation in clinical practice. This topic has been explored from various angles, 

employing a range of research methods, including systematic review and meta-analysis, 

as well as both quantitative and qualitative approaches, alongside advanced ML 

techniques.

A signi�cant strength of this thesis is that all research was conducted in close 

collaboration with patients, informal caregivers, and health care professionals. This 

ensured that the research questions and outcomes were aligned with the needs of 

clinical practice and that both shared and diverse perspectives of various stakeholder 

groups were represented throughout the thesis.

A unifying theme throughout this work is the emphasis on translating insights into 

practical applications that bene�t people in real-world settings. By appointing a 

dedicated panel of experts by experience throughout the entire project and collaborating 

with diverse stakeholder groups and individuals with lived experience in speci�c 

subprojects, the relevance and impact of the research have been further strengthened. 

Additionally, we have taken an important step forward in exploring how ML techniques 

can be implemented in patient care. In this part of the thesis, the focus was not on 

technical intricacies or theoretical possibilities, but on how these techniques can be 

e�ectively integrated into everyday practice and how individuals can relate to and 

engage with them.

This thesis also has several limitations. First, for the studies presented in Chapters 5, 

6 and 7, we utilized data from the OPTiMiSE trial, which was collected between 2011 

and 2016 for purposes other than addressing our current research questions. A key 

limitation arising from this is that some variables, now considered important predictors 

of psychosis outcomes - such as childhood trauma and the therapeutic relationship - 

were not included in the dataset and, therefore, could not be investigated.

Second, all participants of the studies presented in Chapters 4, 5 and 6 were recruited 

from the Netherlands and almost all members of our expert by experience panel were 

living in the Netherlands. Factors such as the organization and accessibility of mental 

health care, stigma, social inclusion, family cohesion, cultural norms, and values all vary 
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across di�erent contexts and are inherently dependent on time and place. These factors 

signi�cantly in�uence how illness, treatment, and recovery are conceptualized. As a result, 

the �ndings of this research are limited in terms of their generalizability to other countries.

Thirdly, our experts by experience panel ideally could have played a larger role in the project. 

For some subtopics and/or research phases, the role of the panel was framed within the 

“involved” or “consult” level on the ladder of participation, whereas a more “empowered” role 

might have been preferable. This was not feasible within the current project, partly because 

the research skills required were highly specialized and because the expert by experience, 

who was appointed as both the panel coordinator and a member of the core research team, 

fell ill, which limited their ability to contribute as planned.

Future perspectives

This thesis advances the understanding of individualized prognosis prediction for psychosis 

by employing diverse approaches and perspectives. However, substantial work remains to 

translate these insights into clinical practice.

An essential step toward personalized psychosis prognosis prediction is active involvement of 

SUs, ICs, and HCPs at every stage of research and implementation. Such participation ensures 

that relevant questions are addressed and results are meaningful for end-users. A key priority 

for future research is the development of standardized de�nitions for predictors and outcome 

measures in psychotic disorders, which should be designed, developed, and implemented in 

close collaboration with these stakeholders. 234 Engaging SUs and ICs in the creation of outcome 

measures is particularly important to ensure their relevance and applicability. 235, 236 Models 

must be trained to predict di�erent types of outcomes (or domains of outcome), ensuring that 

their responses and advice align with the patient’s wishes and goals.

Improving the generalizability of research �ndings requires larger, more diverse, and 

representative samples, as well as the integration of real-world data from clinical practice. 

Prospective cohort designs with extended follow-up periods are recommended to minimize 

recall bias and capture long-term recovery trajectories. For MLMs, the quality of predictions 

depends on the completeness and representativeness of training data. Addressing gaps in 

data inclusivity is therefore essential for ensuring accurate and applicable prognostic tools.

Future studies should also prioritize investigating modi�able predictors and protective factors, 

shi�ting the focus from risk reduction to resilience-building. 237-239 This approach could o�er new 

pathways for improving outcomes in psychosis. Given the overlap in predictors, symptoms, 

interventions and treatment goals across psychiatric disorders, developing transdiagnostic 

tools may also provide a more �exible and comprehensive framework for both clinical and 

research applications.240-242



222

While prognostic predictions will always involve uncertainty, accurate and explainable models 

can serve as valuable tools - not only to anticipate outcomes, but above all to identify 

modi�able factors that can support better recovery. This enables SUs, ICs, and HCPs to take 

informed, proactive steps - such as organizing additional support or addressing lifestyle factors 

- thereby enhancing agency and promoting personalized care. Rather than conveying a �xed 

fate, such predictions can open up space for action and shared decision-making. Research 

shows that most patients, including those with psychiatric disorders, generally wish to be 

informed about their prognosis, even when it is unfavorable. 243, 244 However, this preference 

may be in�uenced by symptom severity; for example, higher levels of depression or delusional 

thinking have been associated with a reduced desire for prognostic information. 244 In clinical 

practice, the manner in which prognostic information is delivered is as critical as the prognosis 

itself. Evidence shows that hope can be preserved when discussing less favorable prognoses 

- without resorting to false reassurance - by tailoring communication, supporting re�ection, 

and emphasizing agency.245 Such an approach can help maintain hope, foster engagement, 

and aid psychological adaptation. Ultimately, integrating prognostic tools into care requires 

not only technical accuracy, but also an ethically sensitive approach that balances realism with 

empowerment. Predictive models should not only inform, but also inspire action and support 

people in shaping their own recovery path.

MLMs hold promise for enhancing prognosis prediction in psychotic disorders, but signi�cant 

challenges remain before their integration into clinical practice. Advances in model performance, 

transparency, and interpretability are within reach given current technological progress. Large 

language models (LLMs) could play a critical role in the collaboration between humans and 

machines by generating explanations for predictions and facilitating communication between 

HCPs, SUs, and ICs. However, understanding how these models complement psychiatrists 

and their decision-making processes requires further exploration. Future research should 

investigate the predictive value of "clinical impression", compare the decision-making processes 

of psychiatrists and MLMs, and examine the dynamics of human-algorithm collaboration. 246 

Equally important is understanding stakeholder perspectives on the role of these models 

in clinical practice, including their impact on the psychiatrist’s role and the doctor-patient 

relationship. 247, 248 For successful implementation in clinical practice, it is essential to investigate 

how the outputs of MLMs can be leveraged to support shared decision-making.

Transparency and reproducibility are critical for advancing this �eld. Published studies should 

provide comprehensive data, results, and open access to datasets and analysis scripts, enabling 

researchers to replicate �ndings and pool data for future investigations. 33

Only through collective e�orts can personalized psychosis prognosis prediction become a 

reality.
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SAMENVATTING

Psychotische stoornissen kennen een divers beloop; sommige patiënten herstellen volledig, 

terwijl anderen ernstige symptomen en beperkingen blijven ervaren. Het voorspellen van de 

prognose van mensen met psychose is uitdagend door de vele biologische, psychologische 

en sociale factoren die herstel beïnvloeden, en die in de tijd veranderen. Daarnaast is ons 

begrip van de interacties tussen deze factoren nog beperkt. Ook is er geen consensus over 

de de�nities en meting van herstel. Machine-learning (ML) technieken worden beschouwd 

als veelbelovende hulpmiddelen bij het voorspellen van individuele uitkomsten. Voor 

klinische toepassing zijn echter validatie, transparantie en afstemming op de prioriteiten 

van patiënten, naasten en zorgprofessionals nodig. Dit proefschri�t hee�t als doel deze 

technieken te integreren met publieke en patiëntbetrokkenheid (PPI) om de voorspelling 

van prognoses te verbeteren en gepersonaliseerde zorg mogelijk te maken.

Het onderzoek draagt bij aan een bredere verkenning van ziekte en herstel bij psychotische 

kwetsbaarheid, die door de tijdgeest continu veranderen. De waarde van dit proefschri�t ligt 

niet in het vinden van absolute waarheden over predictoren en uitkomsten, maar draagt 

bij aan de verkenning van deze concepten vanuit meerdere perspectieven en middels 

verschillende technieken. Gedurende het onderzoeksproces werd een (familie)panel 

van ervaringsdeskundigen betrokken om de perspectieven van alle belanghebbenden 

consistent te integreren (Hoofdstuk 2).

Deel 1 - Predictoren en herstel van psychose vanuit verschillende perspectieven

In deel 1 van dit proefschri�t onderzochten we voorspellers en relevante uitkomstmaten 

van psychotische stoornissen vanuit verschillende perspectieven van belanghebbenden. 

Veel studies hebben geprobeerd voorspellers van de uitkomsten bij (niet-a�ectieve) 

psychotische stoornissen te identi�ceren. De resultaten waren echter vaak inconsistent 

en moeilijk te vergelijken door verschillen tussen studies en onvolledige rapportage.

Er is daarnaast een gebrek aan consensus over uitkomstde�nities van psychotische 

stoornissen. Dit belemmert zowel de vergelijkbaarheid van onderzoeksresultaten als 

de vertaling van onderzoeksbevindingen naar individuele patiëntenzorg. Dit gebrek 

aan consensus kan voortkomen uit de uiteenlopende behoe�ten en doelen van 

belanghebbenden.

In de literatuur wordt herstel vaak besproken vanuit verschillende domeinen. 19 Het 

symptomatische domein richt zich op symptomen die direct verband houden met de 

aandoening. Het klinische domein omvat alle fysieke en mentale symptomen en klachten 

van de patiënt, ook als deze niet direct gerelateerd zijn aan de onderzochte aandoening 
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(bijv. slaapproblemen, obesitas of bijwerkingen van medicatie). Op basis van deze uitleg 

maakt het symptomatische domein deel uit van het klinische domein. Echter, in de literatuur 

en de dagelijkse praktijk worden de termen vaak door elkaar gebruikt met wisselende en 

soms overlappende de�nities. Het functionele domein betre�t werkgerelateerd, sociaal en 

adaptief functioneren. 19 Ten slotte draait het persoonlijke domein om de ontwikkeling van 

persoonlijk doelen, identiteit en zingeving. 19

In Hoofdstuk 3 presenteerden we een systematische review en meta-analyse van 

voorspellers van uitkomsten binnen één jaar bij patiënten met niet-a�ectieve psychotische 

stoornissen. In totaal werden 178 prospectieve studies geanalyseerd. Onze analyse liet 

zien dat de kans op symptomatisch herstel lager was bij mannen, patiënten met een 

langere duur van onbehandelde psychose, ernstigere symptomen, slechter functioneren, 

meer eerdere opnames en slechtere therapietrouw. De kans op heropname was hoger bij 

patiënten met meer eerdere opnames. De kans op herstel in het functionele domein was 

lager bij patiënten die bij aanvang slechter functioneerden. Voor andere in de literatuur 

gesuggereerde voorspellers, zoals lee�tijd bij aanvang van de ziekte en depressieve 

symptomen, vonden we weinig tot geen bewijs.

Mogelijke redenen voor de discrepantie tussen onze bevindingen en eerder onderzoek zijn 

het gebrek aan prospectieve studieopzetten in eerdere studies en de aanzienlijke verschillen 

in studieopzet en methodologie. Daarom bevelen wij aan om datasets en analysescripts open 

toegankelijk te maken. Dit stelt onderzoekers in staat gegevens te combineren en te her-

analyseren, wat de kwaliteit en vergelijkbaarheid van toekomstig onderzoek zal verbeteren.

In Hoofdstuk 4 presenteerden we een vergelijkende studie naar de perspectieven van 

belanghebbenden (patiënten, naasten en zorgprofessionals) over hersteluitkomsten bij 

mensen met psychose. Hiervoor werd een anonieme online vragenlijst ingevuld door 106 

patiënten met (een geschiedenis van) psychose, 51 naasten en 69 zorgprofessionals van 

mensen met (een geschiedenis van) psychose. Hoewel gemeenschappelijke thema’s naar 

voren kwamen, identi�ceerden we ook verschillen in de prioritering van hersteldomeinen 

tussen belanghebbenden. Patiënten en naasten hechtten evenveel belang aan klinisch, 

functioneel en persoonlijk herstel, terwijl zorgprofessionals meer nadruk legden op 

klinisch herstel. Wat betre�t functioneel herstel richtten patiënten zich vaker op praktische 

aspecten (bijvoorbeeld huishoudelijke taken), terwijl naasten meer aandacht hadden voor 

de onderliggende oorzaken (zoals planning en organisatie).

De deelnemers werd ook gevraagd naar helpende en belemmerende factoren voor 

herstel. ‘Gezondheidszorg’ werd zowel als een helpende (bijv. medicatie en een goede 

therapeutische relatie) als een belemmerende factor (bijv. gebrek aan continuïteit van 
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zorg) genoemd. Naasten noemden vaker aspecten van gezondheidszorg als belangrijke 

helpende of belemmerende factor voor herstel dan zorgprofessionals. Deze resultaten 

benadrukken het belang van bewustwording en begrip van de verschillen in perspectief 

tussen belanghebbenden. E�ectieve communicatie en samenwerking zijn essentieel in 

herstelgerichte zorg. De studie benadrukt de noodzaak van een voortdurende dialoog 

tussen belanghebbenden.

Deel 2 – Implementatie van ML-modellen voor prognose predictie bij psychotische 

stoornissen

In deel 2 van dit proefschri�t onderzochten we de mogelijkheden en barrières voor de 

implementatie van ML-modellen voor het voorspellen van uitkomsten bij psychotische 

stoornissen. ML-technieken zijn zeer geschikt voor het analyseren van complexe, hoog-

dimensionale datasets en het genereren van gepersonaliseerde voorspellingen. Daarom 

biedt ML een krachtig hulpmiddel voor het voorspellen van de prognose bij mensen met 

(een geschiedenis van) psychose op individueel niveau. Hoewel er de afgelopen twee 

decennia talrijke studies zijn verschenen waarin ML-modellen werden gebruikt voor 

prognosevoorspellingen bij psychotische stoornissen, is tot op heden nog geen enkel 

model succesvol geïntegreerd in de klinische praktijk. 33 De voortdurende verbetering van 

algoritmes met toenemende nauwkeurigheid van voorspellingen suggereert echter dat het 

tijd is om de kloof tussen de voorspellende capaciteiten van ML-modellen en de klinische 

praktijk te overbruggen.

In Hoofdstuk 5 onderzochten we de potentiële toegevoegde waarde van ML-modellen 

in de klinische praktijk door hun nauwkeurigheid en betrouwbaarheid te vergelijken 

met die van psychiaters. We analyseerden ook hoe de voorspellende capaciteiten van 

ML-modellen door psychiaters zouden kunnen worden benut bij het voorspellen van 

individuele patiëntuitkomsten. Voor deze studie maakten we gebruik van het ML-model dat 

is ontwikkeld in het kader van het Psychosis Prognosis Predictor Project .143 De voorspellende 

nauwkeurigheid van het ML-model was laag, maar vergelijkbaar met die van psychiaters, 

zowel voor symptomatische remissie (ML-model: 0,50; psychiaters: 0,52) als voor functionele 

remissie (ML-model: 0,72; psychiaters: 0,79). De interbeoordelaarsovereenkomst was laag 

maar vergelijkbaar voor psychiaters en het ML-model. Hoewel kennis van de predicties van 

het ML-model psychiaters niet consequent hielp om hun prognostische nauwkeurigheid te 

verbeteren, zou het mogelijk ondersteuning kunnen bieden bij casuïstiek waar psychiaters 

moeite mee hebben. In dergelijke gevallen zou de voorspelling van het ML-model als een 

second opinion kunnen dienen.

Voor een e�ectieve integratie van ML-modellen in de klinische praktijk zijn verbeteringen in 

modelnauwkeurigheid, transparantie en interpretatie van de voorspellingen noodzakelijk.
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De ervaringsdeskundigen in ons panel vroegen zich af of zij beter zouden presteren dan 

psychiaters en het MLM. Onze pilotstudie, gepresenteerd in Hoofdstuk 6, toonde aan dat 

hun voorspellende nauwkeurigheid niet verschilde van die van psychiaters. Op basis van 

ons onderzoek kan niet één enkele ‘expert’ worden aangewezen wat betre�t voorspellende 

nauwkeurigheid. Een e�ectievere benadering zou kunnen zijn om collectieve intelligentie 

te benutten door middel van second opinions, of deze nu a�komstig zijn van ML-modellen, 

clinici of ervaringsdeskundigen.

Een veelbelovende techniek om complexe ML-modellen te interpreteren is counterfactual 

model explanation. Deze techniek genereert hypothetische voorbeelden die leiden tot 

andere uitkomsten, waardoor inzicht wordt verkregen in het besluitvormingsproces 

van het model. Modeluitlegtechnieken, zoals counterfactual model explanation, bieden 

inzicht in de meest invloedrijke kenmerken of variabelen die de voorspellingen sturen. 

Dit vergroot de transparantie en begrijpelijkheid, vooral voor niet-experts, en faciliteert 

de communicatie tussen zorgprofessionals en patiënten.

In Hoofdstuk 7 pasten we counterfactual model explanation toe om de impact van 

psychiatrische comorbiditeit op de voorspelling van symptomatische remissie van 

psychose op individueel niveau te verklaren. We identi�ceerden twee verschillende 

patiëntengroepen: één groep waarin comorbiditeit een relatief beperkte invloed had op 

de kans op remissie, en een andere groep waarin comorbiditeit een sterkere invloed had 

op de kans op remissie.

Door het bestaan van groepen met verschillende reacties op comorbiditeit te herkennen, 

kunnen clinici interventies beter afstemmen en prioriteren op basis van individuele 

patiëntkenmerken en -behoe�ten. Vanuit een breder perspectief liet onze studie zien hoe 

de counterfactual model explanation techniek gebruikt zou kunnen worden om patiënten 

inzicht te geven in de impact van (veranderbare) variabelen, zoals cannabisgebruik of 

fysieke activiteit, op hun voorspelde uitkomst. Dit bevordert de autonomie van patiënten 

en kan hen motiveren om hun gedrag aan te passen, wat uiteindelijk kan leiden tot een 

betere prognose.
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CONCLUSIE

Samenvattend hebben de studies in dit proefschri�t meer inzicht gegeven in de diverse 

factoren die de prognose van psychotische stoornissen beïnvloeden, evenals in de 

uitdagingen van het voorspellen van herstel vanuit verschillende perspectieven. Ook 

onderzochten we de potentiële toegevoegde waarde van ML-modellen in de klinische 

praktijk. Hoewel zowel de modellen zelf als hun toepassing in de praktijk nog verder 

geoptimaliseerd moeten worden, biedt ML-technologie mogelijkheden ter ondersteuning 

van het prognostisch proces en als hulpmiddel om de communicatie tussen patiënten, 

naasten en zorgprofessionals te versterken. Daarmee kan de behandeling beter worden 

afgestemd op de behoe�ten van patiënten, wat uiteindelijk de prognose ten goede kan 

komen.
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