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ORIGINAL RESEARCH

Mapping of the health of the Nation Outcomes Scale (HoNOS) and Positive and 
Negative Symptom Scale (PANSS) to the EQ-5D-3L in psychosis patients using the 
PHAMOUS study
Anne Kleijburg a,b, Ben Wijnenb, Wouter den Hollanderc, Silvia Eversa,b, PHAMOUS investigators*, Hans Kroond,e 

and Joran Lokkerbolb

aDepartment of Health Services Research, CAPHRI Care and Public Health Research Institute, Maastricht University, Maastricht, The Netherlands; 
bCentre of Economic Evaluations, Trimbos Institute, Netherlands Institute of Mental Health and Addiction, Utrecht, The Netherlands; cDepartment 
of Epidemiology, Trimbos Institute, Netherlands Institute of Mental Health and Addiction, Utrecht, The Netherlands; dDepartment of Social and 
Behavioural Sciences, Tranzo Scientific Center for Care and Welfare, Tilburg University, Tilburg, Netherlands; eDepartment of Reintegration and 
Community Care, Trimbos Institute, Netherlands Institute of Mental Health and Addiction, Utrecht, The Netherlands

ABSTRACT
Objectives: When health outcomes relevant for economic evaluations are unavailable, algorithms can be 
developed to map utilities using available clinical outcome measures. This study aims to develop two 
mapping algorithms estimating EuroQol-5 dimension-3 level (EQ-5D-3 L) utilities using the clinician-rated 
Health of the Nation Outcome Scores (HoNOS) and Positive and Negative Syndrome Scale (PANNS).
Methods: A dataset with 2,029 observations of patients with psychotic disorders included EQ-5D-3 L, 
HoNOS, PANSS item scores, and demographics. Correlations between instruments were evaluated. Least 
Absolute Shrinkage and Selection Operator (LASSO) regression and random forest (RF) algorithms with 
various predictor variable sets were applied. Model performance was cross-validated using R-squared 
and Root Mean Square Error (RMSE).
Results: High ceiling effects were observed for EQ-5D-3 L, with weak to moderate negative correlations 
between EQ-5D and HoNOS (r = -0.34) and PANSS (r = -0.27). Overall, LASSO models outperformed RF 
models, with individual item models performing best for the HoNOS and PANSS, with the best observed 
RMSEs of 0.241 and 0.231, respectively.
Conclusions: The HoNOS and PANSS could be mapped onto EQ-5D-3 L utilities but lack accuracy for 
individual patient predictions. However, in the absence of alternatives, they could adequately predict 
population-based utility score differences for health economic evaluations.
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1. Introduction

Severe mental illness (SMI) is defined as the suffering from 
a psychiatric disorder for at least two years, which substan
tially interferes with multiple domains in life, thereby nega
tively impacting determinants of well-being such as 
educational attainment, work productivity, financial stability, 
housing, maintaining personal relations and life expectancy 
[1]. People diagnosed with disorders such as schizophrenia or 
other psychotic disorders, severe depression, or bipolar disor
ders commonly adhere to the criteria of a SMI. In the 
Netherlands, the prevalence of people suffering from SMI is 
estimated at 1.7% [2]. Due to its high disease burden, in 
addition to long term and intensive use of mental health 
services, an individual’s need for social support and 

functioning are impacted, introducing high healthcare and 
societal costs resulting in a significant economic burden for 
both patients and society.

Across European countries, the total costs of mental ill
nesses have currently been estimated at being more than 
4% of the Gross Domestic Product (GDP) [3]. When looking 
at healthcare expenditures, in some countries such as the 
Netherlands, the costs related to mental illness account for 
almost one-third of the total healthcare budget [4]. In addition 
to that, a recent German study has shown that costs asso
ciated with SMI are on average 2–3 times higher than that of 
non-severe mental illnesses [5].

In an attempt to limit healthcare expenditures, health econo
mists try to guide the allocation of scarce resources by 
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performing health economic evaluations, comparing treatment 
alternatives by looking at their incremental costs and (health) 
effects. To facilitate comparability of health effects between 
alternatives, national bodies for health economics often require 
the use of standardized health measures [6,7]. A commonly used 
measure is the Quality-Adjusted Life Year (QALY) which com
bines health-related quality of life (HRQoL) and survival in 
a single index. HRQoL is expressed using utility scores, where 
a score of 1 represents perfect health, a score of 0 represents 
dead, and a negative score represents a state worse than dead. 
Utilities can be measured using preference-based (multi- 
attribute) instruments such as the widely used EuroQol-5 
Dimension (EQ-5D) or the Short Form-6 Dimension (SF-6D) [8]. 
These instruments are generic (i.e. not disease-specific), patient- 
reported, easy to use, and cover a wide range of health dimen
sions, supporting their generic application across diseases [9]. 
Many countries including the Netherlands require the use of the 
EQ-5D when performing evaluations according to the national 
health economic guidelines [7].

A frequently recognized limitation of these generic HRQoL 
instruments, however, is that depending on the disease, the 
dimensions covered in the instruments either lack relevance or 
sensitivity for capturing health-related changes. In the case of 
SMIs such as schizophrenia, the validity, and responsiveness of 
these generic patient-reported outcome measures (PROMs) is 
considered low [10,11]. Suggested reasons for this are the 
presence of ceiling effects (i.e. when individuals report to 
experience ‘no problems’ by lack of better representative 
response levels and dimensions, resulting in a full health 
score despite their condition), as well as the inability to cap
ture the relevant domains of the patient’s overall functioning 
(i.e. cognitive and clinical) and presentation of symptoms (i.e. 
positive, negative, and affective symptoms) [12,13]. Resulting 
from this lack in performance, and to minimize patient admin
istrative burden, these generic HRQoL instruments are not 
included as outcome measures in routine clinical practice, 
and often also not during mental health studies.

Alternatively, a range of disease-specific instruments have 
are used which allow for improved validity and responsiveness 
when measuring functioning and/or symptoms of individuals 
with SMI in clinical studies and/or practice. These instruments 
consist of both patient-reported (e.g. the Schizophrenia 
Quality of Life Scale (SQLS)) and clinician-reported instruments 
(e.g. the Positive and Negative Syndrome Scale (PANSS)) 
[14,15]. Generally, clinician-reported measures are used to 
assess a patient’s symptoms and functioning from the clini
cian’s perspective, whereas PROMs often assess the impact on 
experienced HRQoL and wellbeing making them inherently 
more subjective [16]. As a result, clinician-reported measures 
are often considered more useful for evaluation of changes in 
a patient’s health status, resulting in high implementation 
rates across both clinical practice and studies.

When performing an economic evaluation, however, the pro
blem with clinician-reported instruments is that they cannot be 
used to derive utilities needed to perform QALY calculations for 
economic evaluations as often required by national guidelines 
[7,17]. This is because their valuation sets are not developed 
according to the preference-based principles used to construct 

generic utility measures [18]. In order for an instrument to classify 
as preference-based, each health state described by its classifica
tion system (i.e. each combination of items and levels) must be 
ordered by the preferences of respondents using a multi-attribute 
valuation study. In such valuation studies, a sample of respondents 
representative of the general population are presented with the 
possible health states and asked to indicate which health states 
are preferred over others. When combined and ordered by pre
ferences, health states can each be assigned a utility score 
anchored between 0 and 1 (or even below 0), resulting in 
a (population/country-specific) valuation set reflective of how 
that specific population values various health states [19,20].

An increasingly applied solution to aid in the use of these 
non-preference-based measures in economic evaluations is 
the use of cross-walking or mapping techniques [21–24]. 
Here, mapping algorithms are used to predict the utility 
value generated by a generic preference-based PROM using 
the outcomes of a disease-specific measure when applied in 
the same patient population. To derive such a mapping algo
rithm various statistical methods (e.g. regression models) and 
machine learning techniques (e.g. random forests) can be 
applied to identify the best-performing model. However, ulti
mately model performance is largely determined by the level 
of conceptual overlap between mapped instruments [25,26].

In mental health services across Europe, the Health of the 
Nations Outcome Scales (HoNOS) is a clinician-rated instrument 
that is widely used in clinical practice for evaluating the health 
and social functioning of individuals with (severe) mental illness 
[27,28]. Given its broad applicability across mental health and 
psychiatric disorders, in a clinical context the HoNOS is gener
ally considered a generic instrument; however, from a health 
economic perspective it would be considered disease-specific 
as it lacks domains sufficient to facilitate comparability across 
diseases areas. Similarly, the PANSS is disease-specific, clinician- 
reported instrument which more specifically aims to capture 
clinical symptoms in people with schizophrenia, which is also 
widely used in clinical practice and, in contrast to the HoNOS, 
also frequently used in clinical studies [15]. Ideally, to facilitate 
in the generation of health economic outcomes on care for 
individuals with SMI, the HoNOS and PANSS scores collected by 
mental health service providers or clinical studies can be used 
to map (EQ-5D-3 L) utilities.

For the HoNOS, no prior publications exist that report on its 
mapping to EQ-5D-3 L utilities; however, an earlier study in 
patients with Schizophrenia (n = 304) reported a moderate cor
relation (r = −0.432) between the instruments [29]. Furthermore, 
conceptual overlap appears to exist when comparing the EQ-5D 
domains and the items included in the HoNOS (i.e. depressed 
mood, daily activities, occupation, physical illness). For the 
PANSS, earlier studies have presented mapping algorithms of 
the PANSS to the EQ-5D (3 L and 5 L) in a European (mix of 
German, English and French patients) and Singaporean study 
population with mean scores indicating mild symptoms in peo
ple with schizophrenia [30,31]. However, since the use of such 
algorithms require that it was developed in highly similar popu
lations or contexts, a mapping algorithm based on Dutch 
patients could provide an alternative for economic evaluations 
performed in the Dutch context.
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Therefore, the primary aim of this study is to 1) explore the 
correlation between the instruments in individuals with SMI 
living in the Netherlands, and 2) develop an algorithm to map 
responses of the HoNOS to EQ-5D-3 L utilities for the use in 
economic evaluations. Furthermore, as a secondary aim, this 
study aims to develop an algorithm that maps PANSS 
responses available from our study sample to the EQ-5D-3 L.

2. Methods

2.1. Dataset

The current study is performed with data provided by the 
ongoing Pharmacotherapy Monitoring and Outcome Survey 
(PHAMOUS) cohort study [32]. Since 2006, PHAMOUS collects 
comprehensive Routine Outcome Monitoring (ROM) and 
screening data on people with (history of) psychotic disorders 
treated by one of four large mental healthcare organizations 
(Lentis, GGZ Friesland, GGZ Drenthe, University Center for 
Psychiatry of the University Medical Center Groningen) in the 
Netherlands. As described by Bartels-Velthuis et al. (2018), 
inclusion criteria for PHAMOUS were a diagnosis based on 
the Diagnostic and Statistical Manual 4th edition (DSM-4) or 
5th edition (DSM-5) (primary or secondary) for schizophrenia, 
schizoaffective disorder, or other psychotic disorders at the 
time of inclusion, and a minimum age of 18 years. No exclu
sion criteria applied. PHAMOUS screenings occur on a yearly 
basis, are performed by trained nurses, and consists of social, 
psychiatric, and physical assessments. For the current analysis 
the HoNOS item scores, EQ-5D-3 L item scores, PANSS item 
scores and instrument assessment dates were selected, as well 
as age, sex, primary diagnoses (at the time of assessment) 
(DSM-IV or DSM-V), years since disease onset, EQ-VAS scores, 
living situation and daily activities as population descriptive 
variables. Selection criteria within the PHAMOUS database 
included all measurements that 1) adhere to the study’s inclu
sion criteria, 2) include a completed HoNOS and EQ-5D assess
ment, which occurred no further than 90 days apart (to 
minimize capturing different health states over time), and 3) 
occurred between 2014 and 2024, excluding measurements 
older than 10 years (to minimize differences in health system 
and related changes over time). Due to the wide variation in 
possible primary diagnoses registered at the time of database 
extraction, DSM-4 and 5 primary diagnoses were recoded and 
categorized according to four major categories: 1) schizophre
nic and psychotic disorders, 2) mood disorders, 3) anxiety, 
trauma, and stress-related disorders, and 4) other psychiatric 
disorders.

2.2. Instruments

The HoNOS is a clinician-reported, disease-specific instrument 
that can be used to assess the level of psychosocial function
ing of patients with mental illness. The HoNOS is comprised of 
12 items, which can be categorized into four subscales, being 
behavioral problems (items 1–3), cognitive and physical 
impairment (items 4–5), symptomatic problems (items 6–8), 
and social problems (items 9–12). Each item can be scored 
with a 0 (no problem), 1 (minor problem), 2 (mild problem), 3 

(moderately severe problem), or 4 (severe to very severe pro
blem). The final score is obtained by summing the scores of 
individual items totaling from 0 to 48, where lower scores 
indicate better outcomes [33]. For the HoNOS, total scores 
below 10 are considered interpretable as mild illness and 
above 13 as severe illness [34].

The PANSS is a clinician-reported, disease-specific instru
ment that can be used to assess severity of symptoms and 
psychopathology in patients with schizophrenia. The instru
ment consists of 30 items which can be categorized according 
to three domains, positive symptoms (7 items), negative symp
toms (7 items), and general psychopathology (16 items). Each 
item can be scored using 7 levels, ranging from 1 (absent) to 7 
(extreme). The total PANSS score and total domain scores are 
obtained by summing the scores of all items, where lower 
scores indicate better outcomes. This results in a range of 
a possible total PANSS score from 30 to 210, scores from 7 
to 49 for the positive and negative domains, and a score from 
16 to 112 for the general psychopathology domain [15,35]. For 
the PANSS, a total score of 58 is considered mild illness and 
a score of 116 as severe illness.

The EQ-5D-3 L is a patient-reported, generic HRQoL instru
ment that consists of five dimensions: mobility, self-care, usual 
activities, pain/discomfort, and anxiety/depression. In the 3 L 
version, each dimension is scored with one out of three 
responses, i.e. no problems (score of 1), moderate problems 
(score of 2), and severe problems (score of 3). As such, scores 
across the five domains may range from best possible (11111) 
to worst possible (33333) health, with a total of 243 possible 
health states [36,37]. When valued with the Dutch tariff for the 
EQ-5D-3 L, the best possible health is scored with a utility of 1, 
and the worst possible health is scored with a utility score of 
−0.3 representing a state that is worse than death (utility score 
of 0) [38]. In addition to scoring the five dimensions, the EQ- 
5D-3 L is accompanied by a visual analogue scale, the EQ-VAS, 
allowing patients to score their subjective health with end
points ranging from ‘best imaginable health state’ (0) to ‘worst 
imaginable health state’ (100) [37].

2.3. Mapping analysis

To develop a mapping algorithm the following steps were 
taken:

2.3.1. Selecting predictors
To identify the best-performing mapping algorithm using the 
instrument items or subscales and demographics (age and 
sex), various model specifications were considered to predict 
the EQ-5D-3 L utility score. The EQ-VAS, diagnosis, and years 
since disease onset were not included in the primary analysis 
to prevent overcomplicating the algorithm and enhance its 
usability, and are only used as population descriptives. Based 
on the available combinations, the following models were 
considered: 1) all individual HoNOS/PANSS items, 2) all 
HoNOS/PANSS subscales, 3) all individual HoNOS/PANSS 
items and demographics, 4) all HoNOS/PANSS subscales and 
demographics, 5) all individual HoNOS/PANSS items, demo
graphics and interactions, and 6) all HoNOS/PANSS subscales, 
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demographics, and interactions. Taking example of the 
HoNOS, this results in the following models:

(1) EQ-5D-3 L utility score = β0 + β1-12*HoNOS item 1-12
(2) EQ-5D-3 L utility score = β0 + β1-4*HoNOS subscale 1-4
(3) EQ-5D-3 L utility score = β0 + β1-12*HoNOS item 1-12 +  

β13*Age + β14*Sex
(4) EQ-5D-3 L utility score = β0 + β1-4*HoNOS subscale 1-4  

+ β5*Age + β6*Sex
(5) EQ-5D-3 L utility score = β0 + β1-12*HoNOS item 1-12 +  

β13*Age + β14*Sex + β15-26*HoNOS item 1-12*Age +  
β27-38*HoNOS item 1-12*Sex

(6) EQ-5D-3 L utility score = β0 + β1-4*HoNOS subscale 1-4  
+ β5*Age + β6*Sex + β7-10*HoNOS subscale 1-4*Age +  
β11-14*HoNOS subscale 1-4*Sex

2.3.2. Data preparation
To prepare the dataset for model fitting, first, the raw dataset 
was prepared by eliminating patient observations that were 
considered to have too many missing items in either measure. 
Given that the raw dataset is used to develop two separate 
mapping algorithms using either the HoNOS or the PANSS, 
here, elimination of missings results in two different sized data
sets undergoing identical preparation steps. For the HoNOS 
dataset, no more than three items in each HONOS assessment 
were allowed to be missing for imputation, and no more than 
two items for EQ-5D-3 L. For the PANSS dataset, no more than 
two items from both the positive and negative domain, and four 
items from the general psychopathology domain in each PANSS 
assessment were allowed to be missing for imputation, as well as 
no more than two items for EQ-5D-3 L. Imputation of missing 
HoNOS, PANSS and EQ-5D-3 L items was performed using the 
within-patient row medians. Imputation of age was performed 
using the overall medians. Categorical variables with missing 
values (i.e. being NA) were imputed by replacing these with 
the label ‘Missing’ to prevent list-wise deletion from the analyses.

2.3.3. Data visualization
To improve our understanding of the data prior to analysis, 
data visualization of the HoNOS, PANSS and EQ-5D-3 L was 
performed. First, histogram plots were generated to visualize 
the distributions of scores across the study population. Next, 
total (and domain) HoNOS and PANSS scores against EQ-5D-3  
L utility scores were plotted with a linear regression line, 
including 95% confidence intervals, and Spearman’s correla
tion coefficients to investigate the correlation (also referred to 
as convergent validity) between the instruments, as well as 
a correlation matrix between individual HoNOS or PANSS 
items and EQ-5D items. Correlations coefficients can have 
either a positive or negative direction, and are considered 
weak if they are less than 0.3, moderate if r is between 0.3 
and less than 0.7, and strong if r is 0.7 or higher [39].

2.3.4. Splitting the data in a train and test set
After imputation, the dataset was split to create a ‘train’ data
set, used to construct the mapping algorithms, and the ‘test’ 
dataset, used for the assessment of the models. The train set 
was randomly assigned 70% of the data and the test set 30%, 

using the function ‘createDataPartition’ from the R-package 
caret [40], which ensures that the outcome variable (i.e. EQ- 
5D utility) is equally distributed amongst both datasets.

2.3.5. Fitting of various mapping algorithms
Two mapping algorithms were considered: the Least Absolute 
Shrinkage and Selection Operator (LASSO) regression and the 
random forest (RF) algorithm. The LASSO algorithm was 
selected because its model structure is relatively easy to inter
pret, as well as its reported superiority for mapping utilities 
[41]. For RF, being a more flexible, ‘black box’ type of algo
rithm, model interpretation is more complex but mapping 
accuracy could be superior, especially on datasets with many 
variables and interaction terms.

The LASSO uses shrinkage and regularization to find the 
optimal balance between model accuracy and model parsi
mony/complexity. The LASSO is similar to linear regression in 
that it minimizes the sum of squares. However, by including 
a penalty term (the shrinkage parameter lambda) the predictor 
variables that are least important can be eliminated from the 
model [42]. To determine what value of lambda produces the 
optimal model, a grid of lambda values (n = 200) ranging from 
0 to 1000 (where 0 equals no penalty and is identical to 
regular linear regression) were tested.

With RF a multitude of decision-trees are generated and 
aggregated which can then be used to predict utility. To 
generate the forest of individual trees, bootstrapping of the 
dataset is combined with random variable selection, which 
means that each split in each tree is limited to a random 
subset of predictors. As a result, each tree is well fitted to 
a subset of the predictors, which when aggregated to a forest, 
reduces the correlation between trees and reduces the var
iance. To find the best-performing random forest, tuning of 
the mtry parameter was applied, which specifies the size of the 
predictor variable subset and allows to find the optimal num
ber of variables selected for optimizing predictive results. 
Model tuning for both LASSO and RF was performed using 
K-fold cross-validation (k = 10).

Model performance was assessed using the Root Mean 
Square Error (RMSE), representing the standard deviation of 
the prediction errors, and the R-squared, representing the 
amount of variance explained by the model relative to its 
total variance. Here, a lower RMSE and a higher R-squared 
represent better model performance. The RMSE was used as 
the leading performance metric in model assessment and 
selection. All analyses were performed in the statistical pro
gramming language R version 4.2.0, and using the caret pack
age (version 6.0–9.3) for machine learning [40,43].

2.3.6. Evaluating the model on the test set
Based on performance measures, the best-performing mod
els on the training set were selected to predict outcomes in 
the test set. Here, the RMSE was again used to select the 
best-performing model. The R-squared, the mean absolute 
error (MAE), and normalized mean absolute error (NMAE) 
are reported as additional performance indicators. The MAE 
is a linear measure indicating the difference between the 
original and predicted values, and the NMAE expresses the 
magnitude of this error relative to the original sample mean 
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facilitating interpretability and comparability between sam
ples. For the best-performing LASSO models standard errors 
surrounding the regression coefficients were approximated 
using bootstrapping, as these cannot be computed directly 
due to regularization [44]. Additionally, to visualize the level 
of agreement between observed utilities and utility scores 
predicted by our mapping algorithm a Bland-Altman plot 
was constructed and assessed on the width of its limits, and 
the presence of trends and variability across plotted values.

2.4. Sensitivity analyses

To explore the impact of assumptions made during data pre
paration and variable selection for model specification on the 
model’s performance, sensitivity analyses were performed by 1) 
using alternative imputation methods, and 2) including diag
nosis as an additional predictive variable in the models along 
with the other included demographics (age and sex). 
Alternative imputation for predictor variables was performed 
using the k-Nearest Neighbors (kNN) method, available from 
the caret package. kNN imputes missing values with non- 
missing values of patients in the dataset with similar character
istics. As it is not possible to use kNN imputation on both the 
predictor and response (EQ-5D-3 L utilities) variables simulta
neously (response variables are required for prediction), within- 
patient median imputation was used to impute the missing EQ- 
5D-3 L level scores, similar to the base-case analysis.

2.5. Ethical compliance

Research on this dataset has been deemed exempt from the 
Medical Research Involving Human Subjects Act (WMO) by the 
Medical Ethical Committee of the University Medical Center 
Groningen. This exemption was granted because no additional 
burden is placed on service users, the research involves preexist
ing routine healthcare data, and research on the data serves 
a broad public interest. Data collected by PHAMOUS is in accor
dance with the declaration of Helsinki. Data is collected using an 
integrated application in the electronic patient file system. This 
application aims to support shared decision making with the 
patient by composing shareable reports and treatment plans 
and is part of regular care. Patients can opt out from the use of 
their (anonymized) data for scientific research. PHAMOUS is part 
of regular care. Data is encrypted, pseudonymized, and linked by 
a trusted third party before being available for research pur
poses, ensuring secure and controlled access in line with the 
principles of privacy by design. Therefore, data collected by the 
PHAMOUS study does not contain directly identifiable patient 
information. Service users are informed that their pseudony
mized data could be used for scientific research, and they have 
the option to opt out of data use.

3. Results

3.1. Patient characteristics

A total of 2,527 patient records were extracted from the 
PHAMOUS study. From these, 477 records were excluded for 
missing a primary diagnosis, causing uncertainty to their 

adherence to the selection criteria. From the HoNOS record 
sample 21 records were excluded for having too many missing 
values in the HoNOS or EQ-5D items, resulting in a final total 
sample of 2,029 included records. From the PANSS record 
sample 844 records were excluded for having too many miss
ing values in the PANSS or EQ-5D items, and 21 for measure
ments being more than 90 days apart, resulting in a final total 
sample of 1164 included records. Excluded patient records 
had similar characteristics to the final sample, however, from 
the PANSS record sample, more records from patients with 
schizophrenic and psychotic disorders were included due to 
having complete PANSS measurements. For the HoNOS, the 
final record consisted of a total of 1,853 unique patients, 
where 128 patients had more than one measurement, equal
ing to 15% of records. For the PANSS, the final record con
sisted of a total of 1061 unique patients where 74 patients had 
more than one measurement, also equaling 15% of the 
records. Patient characteristics of both samples are presented 
in Table 1, and are based on the most recent record available 
for each patient. Overall, the samples consisted of more male 
patients, with a mean age of 50 years (SD ± 12 years), and the 
majority of patients had a primary diagnosis in the category of 
schizophrenic and psychotic disorders. Patients were reported 
to experience relatively little symptoms (mean PANSS total 
score = 48 out of 210 for both HoNOS and PANSS records) 
and a moderate below average HRQoL (mean EQ-5D utility 
of 0.72 and 0.75 for HoNOS and PANSS records respectively), 
when compared to the HRQoL of the Dutch general popula
tion (0.857 ± 0.183 at 50 years) [45]. For both the HoNOS and 
PANSS samples, the mean number of days between the mea
surements with both instruments was approximately 2 days, 
supporting that the expected impact of differences over time 
between measured health states is likely minimal.

3.2. Data visualization

Distributions of observed EQ-5D-3 L utility scores, total 
HoNOS scores, and total PANSS scores in the included data 
sample are presented in Figure 1. Here, for the EQ-5D 
(Figure 1(a)) it can be observed that for the majority of 
patient records (25%) a utility score of 1 for perfect health 
was reported, indicating the presence of ceiling effects. 
Visualization of the EQ-5D-3 L utility scores against total 
HoNOS (Figure 2) and EQ-5D-3 L utility scores against total 
PANSS scores (Supplementary Figure S1) with Spearman’s 
r indicated a weak to moderate negative correlation of r =  
−0.34 (p < 0.05) and r = −0.27 (p < 0.05) between the mea
sures, respectively. In addition to that, visualization of the 
self-rated EQ-5D and the clinician-rated HoNOS and PANSS 
clearly show large discrepancies between assessments. 
Patients frequently scored (close to) perfect health on the 
EQ-5D while in those instances the physicians’ ratings ranged 
from agreeable ratings with scores to less agreeable ratings 
with higher scores, approaching total HoNOS scores as high 
as 31 and total PANSS scores as high as 93. Correlations 
matrices for the HoNOS and PANSS items, subscales, and 
total scores between individual EQ-5D items and utility 
scores are presented in Supplementary Figure S2 and S3. 
Overall, across both the HoNOS and PANSS, the majority of 
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items show little correlation with the EQ-5D domains and 
utility scores. For the HoNOS, largest correlations are 
observed between HoNOS item 5 (physical illness) and EQ- 
5D item 1 (mobility) with r = 0.42, HoNOS item 7 (depressed 
mood) and EQ-5D item 5 (anxiety/depression) with r = 0.41, 

and HoNOS item 5 and EQ-5D item 4 (pain/discomfort) with r  
= 0.41. Similarly, largest correlations are observed between 
PANSS item G6 (Depression) and PANSS item G2 (Anxiety) 
with EQ-5D item 5 (anxiety/depression) with r = 0.49 and r =  
0.40, respectively.

Table 1. Patient characteristics.

HoNOS (n=1,853) PANSS (n=1,061)

Mean (SD)/% Missing Mean (SD)/% Missing

Sex
Male 61.1% 65.3%
Female 38.5% 34.2%
Missing 0.4% 0.5%

Age 50.1 (12.4) 0.4% 50.4 (12.5) 0%
Category of primary diagnosis
1. Schizophrenic and psychotic disorders 68.1% 82.4%
2. Mood disorders 15.4% 9.6%
3. Anxiety, trauma and stress-related disorders 7.1% 3.2%
4. Other psychiatric disorders 9.4% 4.8%
Years since disease onset 22.8 (12.7) 26.8% 22.9 (12.8) 15.2%
Living situation

Alone 43.7% 48.8%
With partner/children 17.6% 15.6%
With family/others 5.4% 5.2%
Supported housing 14.2% 16.5%
Long-stay (clinical) 6.9% 5.1%
Other 2.4% 2.3%
Missing 9.8% 6.6%

Daily activities
Paid work 7.9% 8.9%
Supported employment, voluntary work, education 23.2% 25.9%
Household or other 24.4% 27.1%
No activities 12.2% 12.8%
Missing 32.3% 25.3%

PANSS total 48.5 (14.9) 49.9% 48.2 (14.8) 13.0%
PANSS Positive 11.2 (4.47) 43.4% 11.1 (4.44) 2.4%
PANSS Negative 12.4 (5.28) 45.1% 12.4 (5.26) 5.1%
PANSS Psychopathology 24.9 (7.58) 47.0% 24.7 (7.48) 7.9%

HoNOS Total 8.71 (5.65) 3.6% 8.46 (5.53) 3.6%
HoNOS Behavior 1.01 (1.42) 0.8% 0.91 (1.31) 0.3%
HoNOS Functional 1.73 (1.56) 0.2% 1.68 (1.53) 0.3%
HoNOS Symptoms 3.18 (2.23) 1.3% 3.10 (2.30) 1.5%
HoNOS Social 2.87 (2.61) 1.6% 2.83 (2.54) 1.7%

EQ-5D-3L utility score 0.72 (0.27) 0.2% 0.75 (0.26) 0.2%
EQ-VAS 66.0 (17) 1.7% 67.9 (16.3) 1.8%
Days between HoNOS – EQ5D measurements 1.93 (27.8) 0% 2.27 (22.8) 0%
Days between PANSS – EQ5D measurements 2.25 (42.4) 41.1% −0.56 (7.11) 0%

Figure 1. Histogram distribution plots of the EQ-5D-3L utility scores (a), and total HoNOS scores (b) for a total of 2,115 complete patient observations.

6 A. KLEIJBURG ET AL.



3.3. Fitting of mapping algorithms and model 
evaluation

Model performance for each of the six predictor sets modeled 
with LASSO and RF are shown in Table 2. For both the LASSO 
and RF models, the predictor sets containing individual 
HoNOS/PANSS items showed superior performance to those 
with only subscales. Overall, for both the HoNOS and PANSS, 
best performance was seen for the LASSO models, with com
parable R-squared and RMSE values for all three individual 
item models (Models 1, 3, and 5). The LASSO individual item 
models were selected for model prediction on the test set 
(shown in Table 3). Model performances on the test set were 
comparable to those of the train set, indicating the models did 
not overfit on the train data. Looking at the predicted EQ-5D 
utility scores, none of the models were able to predict full 
health, or scores that were close to 0 or negative. For the 
HoNOS, the largest range of predicted utilities was observed 
for Model 3 and ranged between a score of 0.248 and 0.907. 
For the PANSS, the largest range of predicted utilities was 
observed for Model 1 and ranged between a score of 0.253 
and 0.912.

When looking at the RMSE, R-squared, and the MAE values 
found by the mapping algorithms on the test set, again all 
three LASSO models performed almost identically. Based on 
the performance measures and predicted ranges, whilst also 
opting for the simplest model (i.e. the model with the least 

number of included variables), Model 3 could be considered 
the optimal model for mapping both the HoNOS and PANSS. 
However, given the minimal differences in model performance 
and to facilitate use in absence of patient demographics, 
model coefficients for both Model 1 and Model 3 are pre
sented (Table 4 and Supplementary Table S2). Coefficients 
were ordered according to the variable importance (VarImp) 
function from the caret package, providing the relative rank
ing of the contribution of each of the independent variables in 
determining the outcome. For the HoNOS, in both Model 1 
and Model 3 the variables for HoNOS items 7 (depressed 
mood), item 5 (physical illnesses), and item 8 (mental/beha
vioral problems) are found most important. For the PANSS, in 
both Model 1 and Model 3 the variables for PANSS items G6 
(depression), item G1 (somatic/physical illnesses), and item P3 
(hallucinatory behavior) are found most important. For Model 
3 of both the HoNOS and PANSS the demographic character
istic of being female is also included as a coefficient, slightly 
reducing their predicted HRQoL.

To explore the agreement between the observed utility 
scores in the dataset and the predicted utility scores using 
the coefficients found for Model 3, a Bland Altman plot was 
constructed for both the HoNOS (Figure 3) and PANSS 
algorithms (Supplementary Figure S4). For the HoNOS, 
a total of 93.6% of the measurements was found to be 
within the 95% limits of agreement, meaning that for 

Figure 2. EQ-5D-3L utility scores are plotted against total HoNOS scores in patients with severe mental illness (n = 2,115) accompanied by a linear regression line, 
a 95% confidence interval and Spearman’s correlation coefficient (r), indicating a negative and weak to moderate correlation (r = −0.31, p < 0.05).

Table 2. Model performance on the training set.

HoNOS PANSS

LASSO Random Forest LASSO Random Forest

R2 RMSE R2 RMSE R2 RMSE R2 RMSE

Model 1: all items 0.216 0.235 0.184 0.239 0.254 0.218 0.206 0.225
Model 2: all subscales 0.154 0.244 0.102 0.258 0.118 0.239 0.092 0.248
Model 3: all items + demographics 0.213 0.235 0.187 0.239 0.261 0.217 0.208 0.225
Model 4: subscales + demographics 0.160 0.244 0.125 0.249 0.127 0.238 0.115 0.238
Model 5: all items + demographics + interactions 0.214 0.236 NA* NA* 0.254 0.218 NA* NA*
Model 6: subscales + demographics + interactions 0.155 0.244 NA* NA* 0.130 0.238 NA* NA*

Abbreviations: RMSE: Root Mean Square Error, LASSO: Least Absolute Shrinkage and Selection Operator, NA: Not applicable. 
*Given the nature of the model/algorithm, interaction terms are automatically included when using a RF algorithm. 
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these measurements the difference between its observed 
and predicted utility score ranged between −0.47 and 0.46. 
Given the possible range of EQ-5D-3 L utility scores ranges 
between −0.3 and 1, the identified limits can be considered 
relatively wide, indicating that considerable variability can 
occur between utilities observed and predicted. 
Additionally, when looking at the plotted differences 
a trend with positive direction can be observed across 
increasing utility values (i.e. there is more overprediction 
for lower-end utilities, and more underprediction for higher- 
end utilities), and variability between differences decreases 
across increasing utility values. Overall, agreement between 
predicted and observed utility scores appears largest 
between a value of ~0.6 and ~0.8. Looking at the Bland- 
Altman plot constructed using Model 3 trained with the 
PANSS, observed conclusions are identical.

3.4. Sensitivity analyses

Model performances on the training set for models tested 
as part of additional sensitivity analyses are presented in 

Supplementary Table S3. The first sensitivity analysis 
showed that the inclusion of patient diagnosis as predictor 
variable (in addition to the demographics age and sex) 
introduced only minor improvements in predictive perfor
mance for the specified LASSO models of both the HoNOS 
and PANSS. When comparing the RF models with and with
out diagnosis, predictive performance showed larger 
improvements upon including diagnosis; however, overall 
performance remains poorer when compared to the LASSO 
models. When looking at the second set of sensitivity ana
lyses using kNN imputation, again no meaningful improve
ments are observed in the LASSO and RF model 
performances for both the PANSS and HoNOS, indicating 
imputation methods have little impact on model perfor
mance using this dataset.

4. Discussion

The primary aim of this study was to develop a mapping 
algorithm for the EQ-5D-3 L using the HoNOS in patients 
with SMI, and explore the correlation between the 

Table 3. Predicted vs observed EQ-5D-3 L utility scores.

Observed EQ-5D-3L utility Predicted EQ-5D-3L utility

Model 1: Items Model 3: items +demographics Model 5: Items + demographics + interactions

LASSO regression of the HoNOS
Mean 0.720 0.723 0.723 0.723
Minimum −0.329 0.276 0.248 0.256
Maximum 1 0.880 0.907 0.877
RMSE 0.242 0.241 0.241
MAE 0.187 0.187 0.186
NMAE 26.0% 26.0% 25.8%
R-Squared 0.254 0.261 0.263

LASSO regression of the PANSS
Mean 0.751 0.757 0.757 0.757
Minimum −0.204 0.253 0.258 0.249
Maximum 1 0.912 0.920 0.903
RMSE 0.232 0.231 0.231
MAE 0.174 0.172 0.172
NMAE 23.2% 22.9% 22.9%
R-Squared 0.186 0.192 0.193

Abbreviations: LASSO: Least Absolute Shrinkage and Selection Operator, RMSE: Root Mean Square Error, MAE: Mean Absolute Error. 

Table 4. LASSO regression mean coefficients including standard errors (SEs) for models mapping the EQ-5D-3 L utility using only the 
individual HoNOS items (Model 1) and the individual HoNOS items and demographics (Model 3). Coefficients are ordered based on 
the variable importance identified by Model 3.

Model items included
Model 1 

Coefficients SE
Model 3 

Coefficients SE

(Intercept) 0.8775 0.0097 0.9004 0.0128
HoNOS item 7: Depressed mood −0.0719 0.0078 −0.0747 0.0079
HoNOS item 5: Physical illness −0.0517 0.0070 −0.0551 0.0072
HoNOS item 8: Mental/behavioural problems −0.0260 0.0056 −0.0267 0.0057
Sex (Female) n.a. n.a. −0.0223 0.0134
HoNOS item 4: Cognitive problems – – 0.0061 0.0070
HoNOS item 2: Self-harm – – −0.0048 0.0103
HoNOS item 10: Activities of daily living – – −0.0044 0.0052
HoNOS item 3: Alcohol/Substance abuse – – −0.0041 0.0063
HoNOS item 6: Delusions or Hallucinations – – −0.0036 0.0051
HoNOS item 12: Occupation – – −0.0027 0.0050
HoNOS item 9: Relationship problems −0.0005 0.0035 −0.0021 0.0046
Age n.a. n.a. – –
HoNOS item 11: Living conditions – – – –
Sex n.a. n.a. – –
HoNOS item 1: Overactive/aggressive behaviour – – –
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instruments. Secondarily, the same approach was applied to 
develop a similar mapping algorithm using the PANSS. Data 
for this study was derived from a large sample of outpatient 
records from Dutch patients with a history of psychotic dis
order. From the mapping algorithms applied in this study, the 
LASSO models were found to have the best predictive perfor
mance, in line with a recent report recognizing the LASSO as 
superior for mapping utilities compared to a broad selection 
of alternative statistical and machine learning methods [26]. 
LASSO provides regression coefficients that can be implemen
ted to map utility scores for health economic purposes. As 
indicated by the R-squared and MAE of 0.261 and 0.187 for 
Model 3, respectively, the predictive accuracy found by our 
HoNOS mapping algorithm is on the lower end, which was 
additionally reflected in the Bland-Altman plot [46]. Based on 
this low to moderate predictive accuracy, use of the algorithm 
should be avoided when doing individual patient predictions. 
However, since in economic evaluations only the relative dif
ference between treatment group averages (i.e. incremental 
effect) is considered, and the same regression coefficients are 
used to estimate utilities for both treatment groups, the pre
dicted HRQoL values could be relevant on a group level in the 
absence of other HRQoL estimates. Therefore, when aiming to 
estimate increments between population-based EQ-5D utility 
scores (i.e. the difference between two group averages) to be 
used in economic evaluations, the algorithm could be used 
cautiously. Looking at the range of predicted utility scores by 
our best-performing model, it appears unfit for patient popu
lations for which the mean EQ-5D utility is expected to score 
outside of the midrange utility scores.

Overall, predictive accuracy of our mapping algorithm can 
be considered moderate at best, however, similar predictive 
performance levels are frequently seen in other mapping 
algorithms for disease-specific instruments to the EQ-5D 
[21,24]. For example, two earlier studies using the PANSS 
subscales and demographics to map the EQ-5D (using the 3  
L version in a mixed European study (n = 1208) [30], and the 5  
L version in a Singaporean sample (n = 239) [31]), reported 

both slightly lower and higher R-squared values of 0.104 and 
0.352, respectively. On top of that, an earlier review indicated 
that mapping performance is a lot more variable and fre
quently lower for disease-specific to generic mapping models, 
as compared to models mapping two generic instruments 
[47]. Despite this, mapping algorithms are required to inform 
economic evaluations under the existing lack of preference- 
based measures and subsequent evidence gaps, and are cur
rently a widely accepted method by policy bodies. This is also 
supported by a review of appraisals by the United Kingdom’s 
National Institute for Health and Excellence which found that 
mapping algorithms were used in over a quarter of appraisals 
to obtain EQ-5D utilities, of which the majority originated from 
disease-specific measures [48]. Although more conceptual 
overlap is always preferred, a model’s predictive ability does 
not dictate its appropriateness for use, but rather does its 
applicability to the specific context of its use [49].

Despite reasonable visible conceptual overlap when com
paring the HoNOS or PANSS and the EQ-5D, each of these 
instruments aim to serve very different purposes and perspec
tives, whilst using different instrumental structures. For exam
ple, the HoNOS being a clinician-reported instrument 
evaluating a patient’s health and social functioning, whereas 
the EQ-5D is a self-reported instrument evaluating one’s 
HRQoL. As a result, very strong correlation between instru
ments was not to be expected, and although discrepancies 
between the different types of instruments provide no evi
dence for the use or superiority of either it is, however, impor
tant to recognize how their differences and limitations may 
relate to the lack of observed correlation and model 
performance.

A first explanation may relate to a frequently recognized 
limitation of the EQ-5D in patients with SMIs, being its lack 
of responsiveness and presence of ceiling effects [11,50]. In 
our results ceiling effects are also clearly observed, given 
that as much as 25% of patients report full health despite 
their illness, whilst concurrently associated with a broad 
range of HoNOS and PANSS scores, as in line with earlier 

Figure 3. Bland-Altman plots of agreement between predicted and observed EQ-5D utilities using a LASSO model trained and tested on a dataset (n = 2,029) consisting of 
all individual HoNOS items and demographics. Observed limits range from −0.47 to 0.46, where 93.4% of observations lie within the confidence intervals.
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reports using these and other mental health-specific mea
sures [10,29]. Here, however, it is imperative to recognize the 
importance of subjectivity when measuring one’s quality of 
life (using the EQ-5D) and how this is highly impacted by the 
personal standards and expectations set by the patient 
themselves, especially for concepts relating to daily living 
activities and occupation. Since this study sample consists of 
relatively older patients with an average of 22 years since 
disease onset, experiencing relatively little symptoms, it is 
likely that patients have become more adjusted to living 
with their disorder over time, further reducing its impact 
on their HRQoL measurable by the EQ-5D. Although the 
newer 5-level version of the EQ-5D might allow for some 
improvement in responsiveness, our results add to the exist
ing discussing surrounding the inappropriateness of the EQ- 
5D in patients with SMIs and need for better instruments 
[12,50,51].

Next, it is also important to consider that various factors 
may introduce differences in reporting between patients and 
clinicians, ultimately contributing to the lack of observed 
correlation between instruments. First, patients and clinicians 
may differ in their respective perception of the patients 
health and functioning. Here, patients may have different 
insights or standards relating to their level of wellbeing and 
functioning, resulting in higher or lower scores, potentially 
also driven by the impact of their disease on self-insight and 
metacognition. Similarly, clinicians may also have insufficient 
insight in a patients current state, resulting in diverging 
estimates of their daily wellbeing and (social and sympto
matic) functioning [52,53]. Second, patients and clinicians 
may differ in their interpretation of the items (i.e. under
standing of the concept being evaluated) affecting their 
scores, or especially in case of the EQ-5D, patients may 
associate a wider range of disease severity with the same 
instrument level. In case of the HoNOS, a relatively elaborate 
guidance associating symptoms/impairment with respective 
levels is present to guide clinicians in choosing instrument 
levels, aiming to reduce this subjectivity.

Finally, it should be considered that the two instruments 
simply do not measure the same constructs, therefore lacking 
sufficient convergent validity. When comparing the HoNOS 
and EQ-5D, conceptual overlap was expected for at least 4 
items of the HoNOS (5: physical illness relates to mobility and 
pain/discomfort, 7: depressed mood relates to anxiety/depres
sion, 10: daily living activities relates to self-care, 12: occupa
tion and activities relates to usual activities), and although 
observed correlations in our matrix were relatively higher 
(except for HoNOS item 12: occupation and activities), they 
remained moderately low. Correlations between the remain
ing 8 hoNOS items were largely absent (especially for HoNOS 
items 3, 4, 6, 11 and 12), reducing overall convergence 
between the instruments and, consequently, model perfor
mance. When looking at the correlations between the EQ-5D 
and PANSS, similar conclusions can be drawn.

This study has several strengths that should be highlighted. 
First of all, this study made use of a large dataset including 1,853 
complete patient profiles (of which 1,164 were used to map the 
PANSS), supporting the validity of our results. In order to find the 
best-performing mapping algorithm, a machine learning 

approach was used combined with cross-validation to prevent 
overfitting. In addition to that, various model specifications were 
explored including demographic variables and items or subscales, 
as well as two additional sensitivity analyses, including diagnosis 
in the model specification and an alternative imputation method.

Furthermore, the results of this study should be seen in the 
light of some limitations. The dataset used in this study was 
derived from the PHAMOUS study and included the primary 
diagnoses at time of the assessment, as well as the PANSS, EQ- 
5D-3 L, and HoNOS scores, however, no information was 
included regarding (physical) co-morbidities of patients. 
Although reported in HoNOS item 5, a deeper insight in the 
presence of physical co-morbidities might have allowed for 
a better understanding and differentiation of how psychotic 
symptoms alone translate to EQ-5D domain scores. Second, our 
final study sample included 137 patients for which more than 
one observation was included in the final dataset, totaling 15.0% 
of the included records. Given the relatively small fraction of the 
total dataset, and the lack of impact on results found when 
excluding these records, no additional corrections were per
formed for nested individuals in our analyses. Third, the presence 
of heteroskedasticity was identified between HoNOS and utility 
scores using the Breusch-Pagan test, however, upon further 
inspection, residuals were found to be independent of the 
HoNOS scores, indicating that the heteroskedasticity itself is not 
skewed. Since heteroskedasticity does not affect the predictive 
accuracy of the model itself, but rather impacts the standard 
deviations of model coefficients in terms of consistency and 
efficiency, we decided not to perform additional corrections as 
this would likely not improve predictive performance [54]. 
However, as a result, heteroskedasticity does impact the reliabil
ity of the estimated coefficients when used for statistical infer
ence, meaning that interpretation for clinical significance of our 
identified coefficients and their values should be refrained from. 
Finally, it is important to recognize that regression-based 
approaches have been shown to be susceptible for regression 
to the mean, in which case extreme observed values tend to be 
under- and overestimated. Thompson et al. (2017) suggest to 
perform linear and equipercentile equating to overcome this 
issue. However, given the computational complexity of this 
method in combination with the large number of variables 
included in our models, this was not deemed feasible [55]. We 
did, however, make use of both regressions-based (i.e. LASSO) 
and tree-based (i.e. RF) models to examine the impact of using 
different analytical approaches on our mapping problem.

5. Conclusion

To the best of our knowledge, this study presents the first 
mapping algorithm to translate (frequently used) clinician- 
rated HoNOS scores to self-reported EQ-5D-3 L utilities, as 
well as an alternative to map utilities using the clinician- 
rated PANSS, developed in the Dutch context. In this article, 
we have presented a thoroughly developed mapping algo
rithms using individual HoNOS and PANSS item scores and 
patient characteristics. Despite their suboptimal predictive 
performance, when applied to a patient population with 
similar characteristics, this mapping algorithm can be used 
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to predict population-based EQ-5D-3 L utilities for health 
economic purposes if no other alternatives are available. 
The results of this study support the frequently emphasized 
importance of developing disease-specific instruments which 
can be used in (mental) health economic evaluations.
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