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Abstract
Background Perinatal depression (PND) describes depression experienced by parents during pregnancy or in the first year 
after a baby is born. The EQ-5D instrument (a generic measure of health status) is not often collected in perinatal research, 
however disease-specific measures, such as the Edinburgh Postnatal Depression Scale (EPDS) are widely used. Mapping 
can be used to estimate generic health utility index values from disease-specific measures like the EPDS.
Objective To develop a mapping algorithm to estimate EQ-5D utility index values from the EPDS.
Methods Patient-level data from the BaBY PaNDA study (English observational cohort study) provided 1068 observations 
with paired EPDS and EQ-5D (3-level version; EQ-5D-3L) responses. We compared the performance of six alternative 
regression model types, each with four specifications of covariates (EPDS score and age: base, squared, and cubed). Model 
performance (ability to predict utility values) was assessed by ranking mean error, mean absolute error, and root mean square 
error. Algorithm performance in 3 external datasets was also evaluated.
Results There was moderate correlation between EPDS score and utility values (coefficient:  – 0.42). The best performing 
model type was a two-part model, followed by ordinary least squared. Inclusion of squared and cubed covariates improved 
model performance. Based on graphs of observed and predicted utility values, the algorithm performed better when utility 
was above 0.6.
Conclusions This direct mapping algorithm allows the estimation of health utility values from EPDS scores. The algorithm 
has good external validity but is likely to perform better in samples with higher health status.

Keywords Utility · Mapping · EQ-5D · Edinburgh Postnatal Depression Scale · Perinatal depression

Introduction

Depression during pregnancy or in the first year after having 
a baby (perinatal depression; PND) is experienced by up to 
17% of mothers globally [1]. The National Health Service 
in England reports that up to 27% of mothers experience 
mental health problems in the perinatal period [2]. Based 
on the annual number of births, this equates to more than 
160,000 women per year in England and Wales [3]. The 
lifetime societal burden of PND and other perinatal mental 
health conditions is substantial, estimated at £8.1bn for each 
one-year cohort of births [4]. This includes £1bn of NHS 
services, in addition to costs associated with time off work, 
marriage breakdown, and social services support.

As with depression experienced outside of the perinatal 
period, the symptoms of PND include: low mood/energy, 
loss of interest in pleasurable activities, marked tiredness, 
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disturbed sleep, reduced appetite, low self-esteem/self-con-
fidence, and feelings of guilt or worthlessness [5]. Around 
50% of women experience low mood in the first few weeks 
following birth this is distinct from PND, and often mild and 
transient [6]. Established risk factors for PND include a his-
tory of prior depression or anxiety, poor partner relationship, 
lack of social support, stressful life events during pregnancy, 
low socio-economic status, unintended pregnancy, and 
domestic violence [7, 8]. PND can have important implica-
tions for the life-course of mothers and children; depression 
during pregnancy is strongly associated with both depression 
and anxiety following childbirth [4]. Other important long-
term impacts include developmental delays and behavioural 
problems for children, and family instability [2, 9]. PND is 
often comorbid with perinatal anxiety with as many as two-
thirds of women with PND also having an anxiety disorder 
[10, 11].

Psychological therapy and/or antidepressant medication 
are effective at treating PND for many women [12, 13]. 
When PND is untreated it is associated with long-term and/
or recurrent mental ill health in up to 70% of women [14]. 
Although less is known about which treatments are cost-
effective [15]. A systematic literature review found a limited 
amount of published cost-effectiveness evidence in relation 
to PND, and it was not possible to draw conclusions to guide 
decision-makers [15].

In England, the National Institute for Health and Care 
Excellence (NICE) make decisions on healthcare commis-
sioning, namely recommending whether healthcare inter-
ventions should be provided by the health service. These 
decisions are based on a range of factors including clinical 
effectiveness and cost-effectiveness evidence. NICE recom-
mend that the measure of health benefit used in cost-effec-
tiveness analysis is the quality-adjusted life year (QALY) 
which is calculated using health utility values derived from 
the EQ-5D [16].

The EQ-5D is a generic measure of health (i.e. can be 
used in many different health conditions) and captures 
health over 5 domains [17]. The five domains incorporate 
both physical and mental aspects of health and are: mobil-
ity, self-care, usual activities, pain/discomfort and anxiety/
depression. The EQ-5D is the most widely-used instrument 
for measuring health in cost-effectiveness analysis [18]. 
Typically, in research studies treatment effects are captured 
using disease-specific measures rather than generic instru-
ments like the EQ-5D. For example, the Edinburgh Postnatal 
Depression Scale (EPDS) is a validated tool for measuring 
the symptoms of PND [19]. It is used in some routine care 
settings, and is the most commonly used tool in research 
settings [20].

NICE recommend that where primary EQ-5D data are 
not available, utility values can be estimated from disease-
specific measures. Disease-specific measures can be used to 

predict health utility values by using an algorithm that maps 
between the two [21]. The benefit of doing this is that stud-
ies which did not collect EQ-5D data can be revisited and 
the health benefit recalculated in terms of health utility and 
QALYs. This makes the findings more directly accessible 
and relevant to decision-makers like NICE, and hence more 
likely to shape health policy and practice. This is greatly 
needed in relation to interventions for PND where there is 
currently a lack of cost-effectiveness evidence [15].

Mapping between disease-specific and generic health 
measures is a well-established methodological approach. 
There is a curated database of published mapping studies 
which currently reports over 180 examples [22]. According 
to a review of published mapping studies this has not been 
done before between the EQ-5D and the EPDS [23].

The aim of the analysis reported in this paper, was to 
develop and validate a mapping algorithm between the 
EPDS and 3-level version of the EQ-5D (EQ-5D-3L).

Methods

This analysis has been conducted according to current good 
practice guidance for mapping studies [21, 24]. As per the 
guidance there are three key stages to mapping: establishing 
an estimation dataset, developing the algorithm, and validat-
ing the algorithm. Our approach to each stage is outlined 
in more detail below. The aim was to produce a mapping 
algorithm between the Edinburgh Postnatal Depression 
Scale (EPDS) and the EQ-5D-3L, to aid future research, in 
particular cost-utility studies.

Data source

BaBY PaNDA was an observational longitudinal cohort 
study of pregnant women in Yorkshire, England, who were 
followed until one year postpartum [7]. The full protocol 
for the BaBY PaNDA study has been published previously 
[25]. In brief, 391 pregnant women were recruited to the 
BaBY PaNDA study between July 2013 and August 2014. 
Ethical approval for the data collection was granted by North 
East – York Research Ethics Committee (REC) on 23 April 
2013 (reference number: 11/NE/0022) and was subsequently 
approved by the relevant NHS trust’s research and develop-
ment (R&D) committees. All participants provided written 
consent to participate in the study. Outcome measures were 
collected when participants were at around 20 weeks gesta-
tion and 3 months and 1 year postnatally. Participants were 
asked to complete the EQ-5D-3L and EPDS at each assess-
ment. Both measures were completed by participants on 
their own behalf. Any assessment where participants com-
pleted both measures were included in the analysis.
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Outcome measures

The EQ-5D-3L was developed between 1987 and 1991 by 
an inter-disciplinary five-country group of researchers with 
the aim of measuring and valuing health as part of cost-
effectiveness analysis [26]. The EQ-5D-3L asks respondents 
rate their health over the five domains (mobility, self-care, 
usual activities, pain/discomfort, and depression/anxiety) 
on a scale of 1 to 3, with 1 indicating no problems on that 
domain, 2 denoting some problems, and 3 denoting extreme 
problems. Respondents are asked to consider their health on 
the day they complete the measure. Each profile of responses 
across the 5 domains can be matched to a corresponding 
health utility value. Someone who reports ‘no problems’ 
on all health domains (i.e. health profile 11111) is said to 
have full health and is assigned a utility value of 1. For each 
domain with less than perfect health there is an associated 
utility decrement. A utility value of 0 is equivalent to being 
dead and values less than 0 represent health states ‘worse 
than death’ e.g. extreme problems on all health domains. In 
the UK there is an accepted set of utility values (or a 'tariff') 
that is assigned to each health profile [27]. The UK tariff was 
elicited from the health preferences of a sample of people 
from the general public in the UK. This published UK tariff 
of utility values was used in the present study [27]. In this 
tariff, utility values range from 1 to  – 0.594.

The Edinburgh Postnatal Depression Scale (EPDS) was 
developed and validated by Psychiatrist John Cox over 
30 years ago as a self-completion questionnaire to help 
improve the identification of PND [19, 28]. The EPDS was 
not designed to be a diagnostic instrument but rather to be 
used for PND case-finding. The EPDS asks respondents 
to answer 10 questions about how they have felt over the 
previous 7 days. Each question is scored between 0 and 3, 
with total scores ranging between 0 and 30. A higher score 
indicates more/greater symptoms of depression. Total EPDS 
scores are compared against a cut-off score to identify cases 
of PND. There is a balance to be struck between sensitivity 
(ability to identify true positive cases of PND) and speci-
ficity (ability to identify true negative PND). A range of 
cut-off scores are used in practice and in different contexts, 
but scores commonly used to denote caseness for postnatal 
depression are scores ≥ 10 or ≥ 13 [19, 29, 30].

Summary statistics were produced for both measures 
and the distribution of EQ-5D responses and utility values 
observed in the sample were explored graphically.

Conceptual overlap

The degree of conceptual overlap between the EQ-5D-3L 
and the EPDS was explored using Spearman rank correla-
tions. Correlation coefficients were generated between total 
EPDS score and utility index value (to determine if direct 

mapping is appropriate), and also between total EPDS score 
and each domain of the EQ-5D-3L (to determine if response 
mapping is appropriate). Spearman rank correlation was 
used to explore the individual EQ-5D-3L domains as the 
responses on the domains (1 = no problems, 2 = some prob-
lems, 3 = extreme problems) are ranks. The same approach 
was also used for utility index values as they were not nor-
mally distributed and Spearman rank correlation does not 
assume that data are normally distributed. Correlations were 
assessed according to the following categorisation: very 
weak (0–0.19), weak (0.20–0.39), moderate (0.40–0.59), 
strong (0.60–0.79), and very strong (0.80–1). A correlation 
that was least moderately strong was considered appropriate 
to proceed with mapping. P-values for the correlation coef-
ficients were also reported.

Model development

The correlation coefficients indicated that only direct map-
ping (i.e. between total EPDS score and utility index value) 
was appropriate. Six alternative regression model types were 
explored: ordinary least squares (OLS), Tobit, generalised 
linear model (GLM), two-part, adjusted limited depend-
ent variable mixed model with two latent classes (ALD-
VMM-2), and adjusted limited dependent variable mixed 
model with three latent classes (ALDVMM-3). OLS, Tobit, 
GLM, and two-part models are the most frequently used 
model types in studies mapping to the EQ-5D [31]. OLS 
is easy to interpret and the top most common estimation 
methods used [31, 32], however it only allows for a simple 
linear relationship between the measures. The Tobit model 
was used because it can be specified to restrict predicted 
utility values to the range of possible values that can occur 
according to the UK tariff (i.e.  – 0.549 to 1). The GLM was 
specified to use a Gaussian family and log-link function as 
this allows for the skewed distribution of utility values and 
censors the predicted utility values to the upper bound of 1. 
The two-part model was used to take into account clustering 
of utility values at 1 (i.e. full health). The first part of the 
model used a logistic regression to predict whether someone 
is in full health. The second part of the model used an OLS 
model to predict the utility values of the people with less 
than full health. Both the GLM and two-part models pre-
dict disutility (i.e. decrement from full health) which is then 
transformed back into utility. The ALDVMMs make two key 
allowances for the features of utility index values [33]. The 
adjusted limited dependent variable incorporates the upper 
bound at full health and also the gap between full health and 
the next highest possible utility value (0.883). The mixed 
model framework accounts for the typically bi- or tri-modal 
distribution observed in utility index values. Two and three 
latent classes were explored as per the methods used by the 
developers of the approach [33].
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For each model type, 4 model specifications were esti-
mated: (1) total EPDS; (2) total EPDS, age; (3) total EPDS, 
age, total  EPDS2,  age2; (4) total EPDS, age, total  EPDS2, 
 age2, total  EPDS3,  age3. The model specifications with 
higher order polynomials are henceforth referred to as 
“squared covariates” and “cubed covariates” respectively. 
Additional covariates were not included in the model so that 
the mapping algorithm could be used in a wide range of 
datasets with only these basic variables available, rather than 
restricting its use to large, complex, datasets.

Model performance

Model performance was explored by comparing the mean, 
SD, minimum, and maximum of predicted utility values to 
the observed data. The predictive ability of the different 
model types and specifications within the estimation sample 
was assessed by comparing the utility values they predicted 
to their respective observed values. This involved calculat-
ing mean error (ME), mean absolute error (MAE), and root 
mean squared error (RMSE) for each model. For each metric 
(ME, MAE, RMSE) the models were ranked (lower rank 
indicating better performance) and each of the 3 ranks were 
added together to generate an overall rank. The model with 
the smallest value for overall rank was considered to be the 
best-performing model. The utility values predicted by the 
best-performing model were plotted again observed utility 
values as a visual representation of model fit.

The predicted utility values from the best-performing 
model and the simplest model (OLS model with no addi-
tional covariates) were explored at specific EPDS scores and 
thresholds commonly used to denote caseness for postnatal 
depression (10 and 13 [19, 29, 30]).

External validation

The predictive ability of specifications 1 (no additional 
covariates) and 4 (cubed covariates) for the best two per-
forming model types were explored in the three external 
datasets. In all three datasets, any assessment point where 
participants completed both measures were included in the 
validation. One dataset was from the SHIP study, a ran-
domised trial of self-hypnosis for intrapartum pain manage-
ment in nulliparous women [34] with 1059 pairs of observed 
data on the EPDS and EQ-5D-3L. The second dataset was 
from Minding The Baby, a randomised trial of a parenting 
intervention for young mothers, with 319 pairs of data on 
the EPDS and EQ-5D-3L [35]. Participant-level data on age 
were not available for secondary analysis therefore an age 
of 19 years was assumed for all participants as the study 
recruited mothers aged 19 or under, or those aged 20–25 
with high social deprivation (defined as: (1) eligible for 
means-tested benefits;( 2) not entitled to employer maternity 

pay; or (3) living in a postcode falling within the highest 
quintile of social deprivation or sheltered accommodation). 
The third dataset was from a study of women with a con-
firmed diagnosis of postnatal depression, the RESPOND 
study [36]. This was a randomised trial of antidepressants 
versus a psychosocial intervention, with 245 pairs of data 
on the EPDS and EQ-5D-3L. Performance of the models in 
the external datasets was measured in the same way as inter-
nal performance, in terms of ME, MAE, and RMSE ranks. 
Graphs of observed and expected utility values were plotted 
for the best-performing model, and of errors/absolute errors 
against total EPDS score within each data sample.

Results

Descriptive statistics

Within the BaBY PaNDA dataset there were 1068 observa-
tions with complete data on the EQ-5D-3L and EPDS, from 
390 participants. Participant characteristics and summary 
statistics are reported in Table 1. The mean (SD) age of 
the sample was 31.2 (5.1). The mean (SD) EPDS score was 
5.5 (4.6) and observed scores ranged from 0 to 22 (out of a 
possible 30).

The proportion of observations with the different 
responses on the EQ-5D-3L are shown in Fig. 1 (panel a). 
Across all five health domains, the majority of the observa-
tions had no problems (67.8–99.4%). A very small propor-
tion had extreme problems on any domain (0.1–0.7%).

The mean (SD) EQ-5D-3L utility index value was 0.890 
(0.150). Figure 1 (panel b) shows the distribution of util-
ity index values in the BaBY PaNDA sample. The data are 
highly skewed and there is a clustering of observations at 
a utility value of 1 (full health) which accounts for 44.6% 
(476/1068) of observations. There was a secondary peak at 
0.796, with 12.8% (137/1068) of the observations having 
this value. This is the utility value for the EQ-5D-3L pro-
file 11121, which corresponds to no health problems in all 
domains apart from pain/discomfort where some problems 

Table 1  Sample characteristics of BaBY PaNDA participants

EPDS = Edinburgh Postnatal Depression Scale

n = 1068 observations Mean (SD) Range (min, max)

Age at baseline (years) 31.2 (5.1) 16, 46
EPDS score (0–30) 5.5 (4.6) 0, 22
EQ-5D-3L utility index value 0.890 (0.150) – 0.429, 1

n (%)
Full health (EQ-5D-3L profile 

11111)
476 (44.6)

Negative utility index value 2 (0.2)
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Fig. 1  Proportions of response to items in the EQ-5D-3L (a) and distribution of EQ-5D-3L utility index values (b) (total sample, n = 1068)
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are reported. Two observations (0.2%) had negative values 
(i.e. health status ‘worse than death’).

The correlation coefficients between total scores and 
domains of the EQ-5D-3L and the EPDS are shown in 
Table 2. There was a moderate negative correlation between 
total EPDS score and utility index value, as would be 
expected as higher utility values and lower EPDS scores 
indicate better health. There was a moderate positive cor-
relation between the anxiety/depression domain and EPDS 
score, but weak positive correlations between the other 
domains and EPDS score. These correlations were positive 
as higher scores indicate worse health on both measures. 
Due to the majority of the correlations between EPDS score 
and the EQ-5D-3L domains being weak, response map-
ping was not conducted, and the remainder of the analyses 
focused on direct mapping only (i.e. between EPDS total 
score and EQ-5D-3L utility value).

Table 3 presents information on the performance and 
predictive ability of the regression models for all 4 model 
specifications ([1] no covariates, [2] covariates, [3] covari-
ates squared, and [4] covariates cubed) and 6 model types 
(linear OLS, Tobit, GLM, two-part, ALDVMM-2 compo-
nent, ALDVMM-3 component). Across all the models, the 
maximum predicted value is less than one (i.e., predicted 
values equal to one are absent). Furthermore, the minimum 
predicted values range from 0.347 to 0.683, which are far 
higher than the observed minimum value of  – 0.429. The 
means of the predicted values range between 0.883 and 
0.896, which are not too dissimilar to the observed mean 
of 0.890. However, due to the smaller range of predicted 
values, the variation in these values (SDs between 0.063 
and 0.086) is smaller than for the observed data (SD 0.150).

The model with the highest ranked predictive ability was 
the two-part model with the cubed covariates. This model 
had the lowest ME and second lowest RMSE (0.13387). A 
graph showing the observed utility index values and the val-
ues predicted by this model is shown in Fig. 2. According to 

the graph, the model appears to be best at predicting values 
between approximately 0.7 and 0.9. As expected, due to the 
shape of the distribution of the observed values, the model 
overpredicts at the low end and underpredicts at the high end 
of the range of utility index values. However, all of the OLS 
and two-part models had MEs of zero to 5 decimal places, 
suggesting that on average (i.e. across the whole range of 
values) these models neither over- nor under-predicted util-
ity index values.

The model with the top RMSE rank was the OLS model 
with cubed covariates (0.13385), although this was very 
close to the RMSE of the top-performing model. RMSEs 
ranged from 0.13385 to 0.13964 which represents a percent-
age error of approximately 10% of the overall utility index 
value range. MAEs ranged from 0.10094 to 0.11083 which 
represents a percentage error of approximately 8% of the 
overall utility index value range. The 4 Tobit models were 
the 4 top-ranked models in terms of MAE, but were among 
the worst-performing models in terms of ME.

The cubed covariates model had the best predictive abil-
ity for each model type, however in the specification with 
no covariates, the OLS model had the highest overall rank 
for predictive ability. The OLS model with cubed covari-
ates was one of the best performing models overall (equal 
ranking with the two-part models with regular or squared 
covariates). Overall, the OLS and two-part models were the 
best performing models.

Performance of the mapping algorithm at a range of 
EPDS scores and thresholds related to postnatal depression 
is summarised in Table 4. For EPDS scores less than 10 
the OLS model with no covariates predicted utility values 
closer to the observed value than the two-part model with all 
covariates. In contrast, when the sample was dichotomised 
at an EPDS score of 10 (nominally representing those with 
and without depression), the two-part model predicted a 
mean utility value closer to the observed value than the 
OLS model. When a threshold of 13 on the EPDS is used to 
indicate probable depression, the OLS model predicts mean 
utility values closer to the observed mean than the two-part 
model. Although when n is large (i.e. EPDS score < 10 
or < 13) both models predict mean values close to the 
observed means. For all examples the standard deviations 
are higher in the observed data than the predicted values.

Validation

The predictive ability of specifications 1 (no covariates) 
and 4 (cubed covariates) for the OLS and two-part regres-
sion models were explored in the three external datasets 
(described in the “Methods” section).

The characteristics of the external samples are shown in 
Table 5. For the Minding the Baby study participant level 
data on age were not available. The mean EPDS score is 

Table 2  Spearman rank correlation coefficients between EQ-5D-3L 
(total score and 5 domains) and EPDS total score

Note strength of correlation in absolute terms: very weak (0–0.19), 
weak (0.20–0.39), moderate (0.40–0.59), strong (0.60–0.79), and very 
strong (0.80–1)

EQ-5D-3L EPDS total score

Coefficient p-value

Utility index value  – 0.42  < 0.0001
Mobility 0.21  < 0.0001
Self-care 0.05 0.14
Usual activities 0.28  < 0.0001
Pain 0.22  < 0.0001
Anxiety/depression 0.55  < 0.0001
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notably higher in the RESPOND sample who all had a diag-
nosis of postnatal depression. Across the three samples the 
one with the lowest mean EPDS score also had the highest 

mean utility value (SHIP) and the one with the highest mean 
EPDS score had the lowest mean utility value (RESPOND). 
The RESPOND study had a very small proportion of women 
who had full health which may have an impact on the perfor-
mance of the two-part model which incorporates the prob-
ability of having full health in its predictions. There was 
a negligible proportion of women who had utility values 
below one, ranging from 0.1% to just below 3%.

The observed and predicted values for the best-perform-
ing model in the BaBY PaNDA sample (two-part model with 
cubed covariates) are shown for the estimation sample and 
validation samples in Fig. 3a. As shown in Fig. 3a, the mod-
els perform better in all samples for observed values above 
0.5. In the SHIP sample, there are few observations below 
0.5; these do not appear to be well predicted by the model 
(i.e. do not follow the dashed line). In the Minding the Baby 
sample, again model performance appears better at higher 
utility values. In this sample there are more observed utility 
values below 0.5 than in the BaBY PaNDA and SHIP sam-
ples and they appear to better follow the perfect prediction 
(dashed) line. The RESPOND sample (women with postna-
tal depression) has more observed utility values below 0.5 
than the other samples, and between 0.5 and 0.25 the values 
in this sample are better predicted than in the other samples.

In Fig. 3b and c, the errors and absolute errors in pre-
dicted utility values are plotted against total EPDS score for 
the preferred model. This gives an indication whether the 
model performs better at particular EPDS scores. In all of 
the samples, the size of the error increases slightly as EPDS 
scores increase. In the Minding the Baby and RESPOND 
samples where there were more EPDS scores above 20, the 
regression line can be seen to move further from the zero-
error line than the other two samples. The same is true for 
absolute error, with the SHIP sample showing the smallest 
deviation from the zero-error line.

Quantitative model performance in the estimation and 
validation samples is summarised in Table 6. For the SHIP 
sample, the mean predicted utility was lower for all of 

Fig. 2  Predicted and observed EQ-5D-3L utility index values of best-
performing model (two-part model with cubed covariates)

Table 4  Observed and predicted values at total EPDS scores indica-
tive of depression and depression thresholds

OLS1 = ordinary least squares model with no additional covariates; 
TPM4 = two-part model with cubed covariates

EPDS score n Observed utility 
value

Predicted 
utility value 
OLS1

Predicted 
utility value 
TPM4

0 107 0.957 0.971 0.934
4 93 0.915 0.912 0.904
8 51 0.854 0.853 0.867
10 42 0.814 0.824 0.847
EPDS threshold
 < 10 869 0.918 (0.13) 0.916 (0.04) 0.918 (0.03)
 ≥ 10 199 0.765 (0.19) 0.776 (0.05) 0.767 (0.05)
 < 13 978 0.904 (0.14) 0.904 (0.05) 0.905 (0.05)
 ≥ 13 90 0.731 (0.18) 0.733 (0.04) 0.720 (0.03)

Table 5  Characteristics of external validation samples

EPDS = Edinburgh Postnatal Depression Scale
a An age of 19 years was assumed for all participants (see “Methods” for details)

SHIP Minding the Baby RESPOND
Mean (SD) [min, max]

Number of observations 1059 319 245
Age at baseline (years) 28.4 (5.3) [18, 43] Not  availablea 29.4 (6.3) [18, 44]
EPDS score (0–30) 7.3 (2.6) [1,2 2] 8.3 (5.6) [0, 26] 17.5 (3.4) [13, 29]
EQ-5D-3L utility index value 0.914 (0.133) [ – 0.594, 1] 0.821 (0.255) [ – 0.594, 1] 0.687 (0.234) [ – 0.429, 1]

N (%)
Full health 667 (63.0) 147 (46.1) 7 (2.9)
Negative utility index value 1 (0.1) 9 (2.8) 7 (2.9)
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the models than the observed data, with notably smaller 
SD than the observed values. For the Minding the Baby 
sample, the mean predicted utility was higher for all of 
the models than the observed data, with smaller SDs than 
the observed values. In the RESPOND sample, the mean 

predicted utility was higher in 3 models but lower in one 
model, again with smaller SDs in the predicted than the 
observed values.

The best-performing model in the two general popula-
tion validation samples (SHIP and Minding the Baby) was 

Fig. 3  Predicted and observed 
EQ-5D-3L utility index values 
(a), error (b), and absolute error 
(c) for best-performing model 
(two-part model with cubed 
covariates)
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the two-part model with cubed covariates. It should be noted 
that in the Minding the Baby sample there was little differ-
ence between the models which reflects that the same age was 
assumed for all participants. In contrast in the RESPOND sam-
ple, of women with postnatal depression, the two-part model 
with no additional covariates was the best-performing model.

The MAEs were similar for the BaBY PaNDA sample 
and the SHIP sample, although were slightly higher (by 
around 0.04) in the Minding The Baby sample and highest 
in the RESPOND sample (by around 0.05). This was also 
the case with the RMSEs, with similar values for SHIP 
and BaBY PaNDA, and higher values for the Minding 
The Baby (by around 0.09) and RESPOND (by around 
0.1) samples. For the SHIP sample the MAEs equate to a 
percentage error of approximately 6% of the overall utility 
index value range and the RMSEs of approximately 8%. 
For the Minding the Baby sample the MAEs equate to a 
percentage error of approximately 9% of the overall utility 
index value range and the RMSEs of approximately 13%. 
For the RESPOND sample the MAEs equate to a percent-
age error of approximately 11% of the overall utility index 
value range and the RMSEs of approximately 16%.

Overall, the models perform best in the SHIP sam-
ple and least well in the RESPOND sample who all had 
postnatal depression. As shown in Fig. 3, the preferred 
model performs reasonably well at observed utility values 
above 0.5, worse at values between 0.5 and 0, and poorly 
at values below 0. As shown in Table 4, the proportion of 
women in these samples with utility values below 0 are 
between 0.1% and 2.9%. The MAE and RMSE of the best 
performing model were lower in the SHIP sample than the 
estimation sample which suggests good external validity 
in some populations at least. The model performs better 
when utility values are above 0.5 therefore may perform 
less well in samples where all participants have postnatal 
depression.

Overall recommendation

The two-part model performs well when predicting util-
ity values from total EPDS score. Inclusion of covariates 
(age,  age2,  age3,  EPDS2, and  EPDS3) improve the predic-
tive ability of the model. The model performs better in 
samples where participants are in health is good (high 
utility values) and depression symptoms are not severe 
(EPDS score < 20).

The mapping algorithms with and without covariates for 
the best-performing model and the OLS model can be imple-
mented via Excel and these are provided in Supplementary 
Material.

Discussion

This paper reports the development and validation of a 
mapping algorithm between the EPDS and 3-level version 
of the EQ-5D (EQ-5D-3L). To our knowledge this has not 
been done before [23]. The ME and RMSE indicated that 
the two-part model with cubed covariates (EPDS score 
and age) performed best in predicting health utility index 
values in perinatal women (ranking 1st and 2nd on these 
measures, respectively). This model type also performed 
well in 3 data samples which were external to the esti-
mation sample. With the interactive and freely accessible 
spreadsheet produced (available in Supplementary Mate-
rial), health utility values can be estimated directly from 
the EPDS when primary EQ-5D data have not been col-
lected. There was a moderate correlation between EPDS 
score and utility score and weak correlations between 
EPDS score and individual EQ-5D domain responses 
(other than anxiety which was moderately correlated). This 
meant that mapping between the EPDS and the individual 
domains of the EQ-5D was not appropriate. Higher utility 
values were more reliably mapped than lower values. The 
minimum predicted values from all the models were above 
0 (whereas observed utility values did include negative 
values).

Our algorithm can be used by researchers who have not 
collected EQ-5D data but want to be able to report cost-
effectiveness in terms of preference-based health utility 
according to policy-makers' guidance (e.g. NICE [16]). 
Although we acknowledge that deriving health utility 
directly from the EQ-5D is generally considered preferable 
where possible. We envisage that health economists build-
ing state transition models relevant to perinatal mental 
health may wish to estimate utility values for "depressed" 
and "not depressed" health states. One way of defining 
these health states is through the application of EPDS 
threshold scores. In this paper we demonstrated that the 
best-performing models predict mean utility values which 
are similar to the observed data around the commonly 
used threshold scores. If researchers only had access to 
EPDS data for a sample and wanted to calculate utility for 
depression health states, then they could use our interac-
tive spreadsheet to do this for their specific sample.

External validation of the mapping algorithm is a key 
strength of this work. In one external validation sample 
(the RESPOND study) all of the participants had a diag-
nosis of postnatal depression and the mean observed util-
ity value was notably lower than the other samples. In 
this sample the two-part model with no covariates was 
the best-performing model. This suggests that when there 
is less variation in EPDS scores (i.e. everyone had high 
scores), age may have less influence on health utility than 
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in other samples. The MAE and RMSE of the predicted 
utility values for this sample were higher than the other 
samples. For all the samples, predicted utility values were 
closer to observed values at higher utility values. Together 
this suggests that the algorithms would perform better in 
samples with higher utility on average. This is potentially 
less of an issue in the context of the perinatal period than 
it may be in other contexts (e.g. samples of older people 
or people with multiple long-term health conditions). Age 
is a key determinant of health utility [37] and there is rela-
tively limited variation in age in this context. In England 
for example, the mean age of women giving birth is around 
30 [3] with mean general population utility values for peo-
ple of this age being between 0.938 (95% CI 0.935–0.941) 
(adults under 30) and 0.915 (95% CI 0.907–0.921) (people 
aged 30–35) [37].

There are some limitations of our mapping algorithm 
which should be considered when interpreting the findings. 
The value set used to derive utility index values from EQ-
5D-3L responses in the estimation and validation samples 
was based on data from the United Kingdom (UK) collected 
in the 1990s [27]. It is unknown how well the health state 
valuations elicited 20 + years ago represent current popula-
tion preferences. Similarly, the algorithm may not be fully 
generalisable to value sets from other countries. Another 
consideration is that the newer 5-level version of the EQ-5D 
(EQ-5D-5L) which asks respondents to rate their health over 
5 (rather than 3) levels is increasingly being used to esti-
mate health utility [17]. Further work to map between the 
EPDS and utility values derived from the 5-level version 
of the EQ-5D would be a useful addition to our algorithm. 
In the context of mental health, the methods used can have 
an important impact on utility values derived from the EQ-
5D-5L [38] and so this would also be an important consid-
eration in future mapping work.

Including age as a covariate in the algorithm produced 
largely similar results to when it was not included. This is 
possibly due to the limited age range of participants in the 
sample (i.e. women of child-bearing age). This means that 
the algorithm can still be used when no additional covariates 
are available making it widely applicable e.g. in meta-analy-
ses. However, EPDS score, and age do not perfectly predict 
utility values which means that unmeasured characteris-
tics may play an important role in the relationship between 
EPDS score and utility values. For example, deprivation is 
associated with health utility [39] and family income is asso-
ciated with a higher risk of developing PND [8]. Similarly, 
a traumatic birth experience is associated with an increased 
risk of PND [40] and if there are lasting physical impair-
ments following a difficult birth then someone may have 
problems on multiple EQ-5D domains (e.g. mobility, usual 
activities) in addition to the anxiety/depression domain. 
Future exploration of the impact of unmeasured factors on 

the performance of the mapping algorithm may enable more 
precise prediction of utility values from the EPDS, how-
ever this must be balanced against the risk of over-fitting 
the algorithm to an estimation sample and ending up with a 
complex algorithm that can only be used by researchers with 
similarly complex datasets.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s10198- 023- 01589-4.
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