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Abstract

Purpose To develop and validate prediction models for the risk of future work absence and level of presenteeism, in adults
seeking primary healthcare with musculoskeletal disorders (MSD).

Methods Six studies from the West-Midlands/Northwest regions of England, recruiting adults consulting primary care with
MSD were included for model development and internal-external cross-validation IECV). The primary outcome was any
work absence within 6 months of their consultation. Secondary outcomes included 6-month presenteeism and 12-month
work absence. Ten candidate predictors were included: age; sex; multisite pain; baseline pain score; pain duration; job type;
anxiety/depression; comorbidities; absence in the previous 6 months; and baseline presenteeism.

Results For the 6-month absence model, 2179 participants (215 absences) were available across five studies. Calibration
was promising, although varied across studies, with a pooled calibration slope of 0.93 (95% CI: 0.41-1.46) on IECV. On
average, the model discriminated well between those with work absence within 6 months, and those without (IECV-pooled
C-statistic 0.76, 95% CI: 0.66-0.86). The 6-month presenteeism model, while well calibrated on average, showed some
individual-level variation in predictive accuracy, and the 12-month absence model was poorly calibrated due to the small
available size for model development.

Conclusions The developed models predict 6-month work absence and presenteeism with reasonable accuracy, on average,
in adults consulting with MSD. The model to predict 12-month absence was poorly calibrated and is not yet ready for use
in practice. This information may support shared decision-making and targeting occupational health interventions at those
with a higher risk of absence or presenteeism in the 6 months following consultation. Further external validation is needed
before the models’ use can be recommended or their impact on patients can be fully assessed.

Keywords Work absence - Prognosis - Prognostic model - Musculoskeletal pain - Primary care

PX Gwenllian Wynne-Jones Introduction

g.wynne-jones @keele.ac.uk
Musculoskeletal disorders (MSDs) are a common cause of

disability with the Global Burden of Disease projects esti-
mating that they account for 21% of all years lived with
disability [1]. It is reported that globally 1.7 billion people
experiencing MSDs would benefit from rehabilitation, with
low back pain the most prevalent condition in the majority
of countries [2]. In the UK it is estimated that 20.3 million
people (almost one third of the population) have an MSD
[3] and in any one year 20% of the adult population will
consult their general practitioner with an MSD [4]. Muscu-
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loskeletal Disorders are among the most costly conditions,
with estimates from Australia suggesting they cost more
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than both cardiovascular disease and cancer [5] and from
the UK suggesting they account for the third largest area of
NHS healthcare spending [3]. The overall economic burden
is even higher when indirect costs such as sick leave, loss of
productivity, and early retirement are considered [3]. Mus-
culoskeletal Disorders can also lead to significant impacts on
individuals, such as significant pain, reduced mobility, poor
quality of life, and reduced abilities for employment [6, 7].

Roughly 60% of workers report one or more MSDs in
the past 12 months (data from 2015), an estimate that varies
by country, sector, occupation, and individual sociodemo-
graphic characteristics [8]. Musculoskeletal Disorders have
a significant cost in terms of employment with these costs
extending to individuals, employers, and society. Not only
are people with MSDs less likely to be in work but they
are also more likely to retire early when compared to peo-
ple without a long-term health condition [3]. The impact
of MSDs on work can be defined in terms of presenteeism
(or performance in the workplace) and absence from the
workplace. Musculoskeletal Disorders are one of the leading
causes of reduced performance and sickness absence and it
is estimated that the 100 million people in Europe affected
by MSDs account for half of all absences from work and
60% of permanent work incapacities [9]. In the UK alone,
an estimated 28.4 million working days per year are lost
as a result of MSDs [10]. Furthermore, costs to productiv-
ity associated with sick leave caused by MSDs in Europe
are estimated at €5798 per person with health care costs
accounting for 9.3% of these and rehabilitation accounting
for 3.7% [11]. When costs of illness are considered in more
detail, it is apparent that indirect costs account for the largest
proportion of these, with work absence in particular contrib-
uting to this [12, 13].

Across all working ages, it is the small proportion of
people going on to long-term absence who make up the
majority of costs associated with absence from the work-
place [13]. However, there is currently no reliable way of
predicting which employees will require additional voca-
tional advice and support and which employees will return to
work quickly without this support [14]. Being able to predict
which individuals are at greatest risk of work absence when
they consult with their primary care clinician could inform
more targeted interventions to minimise the impact of MSDs
on the workforce. Evidence suggests that vocational inter-
ventions can cost-effectively support people with MSDs to
work [15], however workforce constraints mean that a model
of targeted provision may be the most realistic method of
implementing a vocational advice service.

Previous work exploring the prediction of sickness
absence has focussed on specific predictors and condi-
tions [16-20]. The most widely used model to predict work
absence is the Orebro Musculoskeletal Pain Questionnaire,
and its short version [21, 22], both of which were developed
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in populations with back pain only. At 6-month follow-up,
the longer version (including 25 items with possible scores
up to 210) achieved a sensitivity of 89% with a cut-off at
a score of 90, for predicting long-term absence (defined
as > 30 days over 6 months). This sensitivity reduced with
increasing cut-offs for total score. When used to predict
short-term absences (defined as 1-30 days over 6 months),
the long version of the Orebro demonstrated a sensitivity
of 67% with a cut-off at a score of 90, again with sensitiv-
ity reducing for increasing cut-off scores. However, these
questionnaires are required to be completed in full for each
patient, which can be difficult in first contact settings, for
example primary care, where time is limited. Addition-
ally, Orebro was developed in populations with back pain
only, although it is currently used in populations with other
regional pain symptoms (specifically neck and shoulder). Its
suitability for use in a population with more general MSDs
and those with multisite pain is not clear. Furthermore, Ore-
bro does not predict presenteeism, which may have a bigger
impact on work environments than absenteeism [23].

This study aimed to establish whether prognostic mod-
els for work absence and presenteeism, developed from
existing primary care cohorts and including data that can
be easily accessed from electronic medical records, could
accurately predict these work-related outcomes in individu-
als with MSDs. We examined whether work absence could
accurately be predicted using a combination of a patient’s
demographic details, health-related factors and work-related
factors. We report on the development and internal-external
cross-validation (IECV) of prediction models to estimate
the probability of an individual taking any work absence
within 6 or 12 months following their consultation for MSD
in primary care, and presenteeism in the 6 months after their
MSD consultation.

Methods
Data Sources and Study Population

Data from six studies (1 prospective cohort study, and 5
randomised trials, all conducted before the COVID-19 pan-
demic) were combined for model development, allowing
variables that were common between studies to be consid-
ered as candidate predictors [15, 24-28]. All studies were
based in the West-Midlands and Northwest regions of Eng-
land, recruited adult patients consulting in primary care with
MSD via questionnaire after consultation, and included data
on work outcomes measured during the 12 months following
their consultation. These studies were selected as they pro-
vided a population of working age adults reporting MSDs.
Participants of each study were eligible if they were
employed at the baseline time-point and were reporting
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MSDs (at any location). Studies didn’t aim to identify those
with inflammatory arthritic conditions but patients with
inflammatory arthritis may be included if they sought health-
care for their pain. Participants could be at work or absent
from work at baseline, providing they had data on both work
status (employed versus other) and other work outcomes
(absenteeism, presenteeism, no reported absence) at either 6
or 12 months. For prediction of 12-month outcomes, eligible
participants were further required to still be in employment
at 12 months following their consultation, at this point all
but one study [14] reported only whether participants were
in employment or not, if they were not in employment the
reason for this was not ascertained. Further details on study
populations are provided in Table 1.

Outcome Definitions

Work absence — work absence was recorded at various
time-points across the six studies, using self-report ques-
tionnaires. This was phrased as “Have you taken time off
work in the last XX months because of your pain problem?”,
with a follow-on question asking participants to confirm the
numbers of days, weeks, and months that they were absent
from work. An absence event was defined as at least one
day of absence.

Presenteeism — presenteeism at six months was defined
using a single, self-report item in three of the six studies
[26-28]. This was defined on a 0-10 scale, in response to the
question “On average to what extent has your pain or related
problem affected your performance at work over the past 6
months? (Please tick one box only)”, where zero indicated
“Not at all” and 10 indicated “So bad I am unable to do my
job”. This question was consistently phrased across all three
studies, and was collected through postal questionnaire at six
months follow-up.

Further details on the phrasing of self-report outcome
measures are given for each study included in each of the
analyses, in Appendix I — extended methods.

Model Predictors

Clinically relevant predictors of work absence were iden-
tified from the literature (PROSPERO CRD42020219452)
and through expert clinical opinion. For model develop-
ment, these were compared with baseline information col-
lected in each study, and predictors included for analysis
were limited to those that were recorded in at least half of
the studies recording a given outcome. Thus, 10 predictor
variables were included for predictions of 6-month absence
and 6-month presenteeism, including patient demograph-
ics (age, sex, job-type [(i) managerial/administrative/
professional; (ii) intermediate; (iii) routine and manual]),
pain features (multisite or single site pain, pain intensity

at baseline, pain duration), comorbidities (anxiety/depres-
sion, any other comorbidity), work absence in previous six
months and current performance at work. For prediction of
12-month absence, predictors regarding previous absence
and comorbidities were not consistently recorded across
studies, leaving just eight available predictors.

All predictor information was self-reported, collected
through baseline questionnaires sent after consultation. Job-
title was recorded as free-text and allocated to the National
Statistics Socio-economic Classification operational catego-
ries (three class) by the study authors [29].

Sample Size

The sample size for model development was fixed for each
analysis due to the size of the available studies. Riley et al.
2019 criteria for the development of prediction models
with binary [30] and continuous [31] outcomes were used
to identify the number of predictor parameters we could
include in the models. For the primary outcome of any work
absence over 6 months, a total of 2179 participants (215
events) allowed consideration of up to 16 predictor param-
eters, while for our model to predict 6-month presenteeism,
a total of 1218 participants allowed consideration of up to
24 predictor parameters. Thus, we had sufficient data to meet
minimum sample size requirements to develop both models.

The sample size available to predict 12-month absence
was fixed at only 408 participants (132 events). This number
was insufficient to meet the requirements for the intended
11 predictor parameters, thus results should be interpreted
with caution.

More detailed information on the assessment of sample
size is given in extended methods in Appendix I.

Statistical Analysis
Missing Data

Multiple imputation of the multilevel data was imple-
mented using joint modelling, to impute values for missing
data across studies, accounting for the clustering within the
included studies while allowing for between study hetero-
geneity on key parameters [32, 33]. This further allowed
for the imputation of two predictor variables (absence and
comorbidities) in the 12-month model that were system-
atically missing by borrowing information across all stud-
ies (a summary of missing data is given in supplementary
table S1). This approach was implemented using the jomo
package in Rstudio [34].

Preliminary checks for associations between missingness
and predictor values were conducted to check for obvious
violations of the missing-at-random assumption. Imputa-
tions were assessed for consistency by comparing density
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plots, histograms, and summary statistics across imputations
and back to the complete values, within and across studies.
The model coefficients and predictive performance meas-
ures were then estimated in each imputed dataset separately,
before being combined across imputations using Rubin’s
Rules [35].

Model Development

Outcomes were modelled using multilevel mixed-effects
regression with a random intercept, to account for poten-
tial heterogeneity in baseline risk of work absence, or mean
presenteeism score, across the model development popula-
tions. Models were fitted using restricted maximum likeli-
hood (REML), with an unstructured variance—covariance for
the random effects [36]. Binary outcomes of work absence
were modelled using multilevel logistic regression, while
the continuous outcome of presenteeism was modelled using
multilevel linear regression.

Continuous predictors of age, baseline pain intensity
score and baseline work performance were modelled on their
continuous scale. Pain duration at baseline was already cat-
egorised into clinically meaningful groups in each included
study, thus exact values were not known. Cut points in pain
duration were chosen to ensure consistent groupings across
studies. Fractional polynomial terms up to the second order
were tested for the continuous variables in a complete case
analysis to determine the best functional form for each vari-
able in the presence of all other predictors. All continuous
variables were found to be best modelled linearly. No statis-
tical selection of predictors took place [37].

Heuristic shrinkage was calculated following the method
proposed by Van Houwelingen and le Cessie [38] in each
imputation, and was pooled across imputations using
Rubin’s rules to obtain the average shrinkage factor. This
pooled shrinkage factor was then applied to each beta coef-
ficient, and subsequently average intercept values were re-
estimated (holding fixed the shrunken beta coefficients) to
ensure predictions were correct on average.

Model Validation

An internal-external cross-validation (IECV) approach was
used for model validation, as individual participant data
(IPD) were available from multiple studies and to allow
maximum data to be used for model development [39, 40].
This approach involved cross-validation methods, omitting
one study in turn from the development data, developing
a model and then validating it in the omitted study. This
was repeated multiple times (cycles) until each study had
been used for validation once. The full modelling proce-
dure, as described in the previous section, was conducted in
each cycle, including assessment of overfitting with model

coefficients shrunken using a cycle-specific estimate of heu-
ristic shrinkage. The apparent performance of the models
was also calculated, in which the model was applied directly
back to the development data, without any further adjust-
ment for optimism in performance estimates.

Model performance was assessed using measures of cali-
bration (calibration slope, calibration-in-the-large (CITL),
and the ratio of Observed to Expected outcome proportions
(O/E)) and discrimination (C-statistic). Model calibration
in each IECV cycle was further visualised using calibration
plots with smooth calibration curves overlaid.

Following IECV there were multiple values for each per-
formance statistic (one from each cycle), which were then
combined using a random effects meta-analysis to gain sum-
mary estimates of “external” model performance across all
studies. Heterogeneity in model performance across IECV
cycles is summarised using the 72 statistic and visualised
using forest plots.

All analyses were performed using Stata MP Version 16
(StataCorp) and R version 3.2.2. This paper adheres to the
TRIPOD checklist for the transparent reporting of multivari-
able prediction models [41], see Appendix III.

Results
Study Population Characteristics

Across the six studies, five [24-28] were available for pre-
diction of 6-month work absence (2179 participants, 215
absence events), three [26-28] for predicting 6-month pres-
enteeism (1218 patients), and two [15, 26] for predicting
12-month work absence (408 patients, 132 absence events).

Patients were predominantly employed in professional or
managerial roles in all studies, with proportions of patients
in this category ranging from 56 to 71%. Distributions of job
types were relatively consistent across studies, with around
a quarter of each reporting they had manual occupations.
Of those studies that measured presenteeism at baseline,
three-quarters had a median reported score of 5 on a 0-10
scale, with lower and upper quartiles of 2 and 7, respec-
tively. Three studies recorded whether patients reported tak-
ing work absence in the prior six months, with between 28%
and 40% of patients confirming that they had taken time off
due to their MSD. Patient characteristics for all studies are
summarised in Table 2.

Predicting Work Absence at Six Months
Conditional on other variables in the model, the strongest
predictor of any work absence over the 6-month follow-

up period was having taken any absence in the prior 6
months, with an increase in odds for those with a prior
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Table 2 Study population summary, detailing demographic information across individual study populations and in the total population used for
the development of each prediction model

Individual study populations Modelling population totals
BEEP KAPS STEMS SWAP STarT MSK-  STarT MSK-  6m absence 12m absence 6m presen-
pilot MT teeism
n 214 747 432 338 232 554 2179 408 1218

Age, mean 56.4(7.1) 49.6(11.3) 49.6(11.6) 48.7(10.3) 51.2(124) 50.2 (12.7) 50.6 (11.7) 50.5(9.7) 52 (12.3)
(SD)
Gender, 105 (49) 430 (58) 230 (53) 195 (58) 140 (60) 313 (57) 1218 (56) 228 (56) 683 (56)
female
Multisite pain 199 (93) 336 (45) 330 (34) 219 (65) 18 (8) 45 (8) 704 (32) 200 (49) 169 (14)
Pain score 4(3-55) 5@3-7) 7(7-9) 7 (6-8) 6 (5-8) 7 (5-8) 6 (4-8) 6.3(6-8.2) 6.3(5-8)
(baseline),
median (LQ-
uQ)
Pain duration
<3 months - 173 (23) 180 (42) 111 (33) 66 (28) 134 (24) 553 (25) 147 (36) 380 (31)
3-6 months — 105 (14) 53 (12) 41 (12) 29 (13) 97 (18) 284 (13) 46 (11) 179 (15)
7-12 months — 102 (14) 49 (11) 46 (14) 33 (14) 77 (14) 261 (12) 55(13) 159 (13)
Over 1 year 147 (69) 367 (49) 132 (21) 131 (39) 104 (45) 241 (44) 1052 (48) 152 (37) 477 (39)
Job type
Professional/ 141 (71) 476 (65) 256 (61) 188 (56) 357 (64) 160 (69) 1390 (64) 241 (59) 773 (64)
managerial
Intermediate 20 (10) 85 (12) 53 (13) 52 (15) 59 (11) 21 (9) 238 (11) 51(13) 133 (11)
Manual 37(19) 169 (23) 112 (27) 94 (28) 138 (25) 50 (22) 506 (23) 109 (27) 300 (25)
Comorbidities
Diabetes 14 (7) 48 (6) 29 (7) - 13 (6) 33 (6) 137 (6) 16 (4) 75 (6)
Respiratory 29 (14) 89 (12) 69 (16) - 35 (15) 71 (13) 293 (13) 24 (6) 175 (14)
problem
Heart prob- 14 (7) 129 (17) 113 (26) - 49 (21) 101 (18) 406 (19) 47 (12) 263 (22)
lem
Anxiety/ 46 (22) 123 (16) 125 (29) 105 (31) 43 (19) 136 (25) 473 (22) 141 (39) 304 (25)
depression
Other 80 (37) 181 (24) 167 (39) - 40 (17) 93 (17) 561 (26) 177 (43) 300 (25)
Time off in - - 128 (30) - - - 128 (6) 57 (14) 128 (11)
previous 1
month
Days off in - - 7 (2-14) - - - 7(2-14) 7(2-14) 7 (2-14)
previous
1 month*,
median (LQ-
UuQ
Time off in - 300 (40) - - 66 (28) 177 (32) 543 (25) - 371 (30)
previous 6
months
Days off in - 10 4-21) - - 6.5 (3-21) 8 (3-21) 8 (3-21) - 7 (3-21)
previous 6
months®,
median (LQ-
uQ
Presenteeism  — - 52-7) 6 (5-9) 52-7) 52-7) 52-7) 6 (3-8) 52-7)
at work,
median (LQ-
uQ
Outcomes recorded at follow-up
Any absence 17 (8) 21 (3) 41 (9) - 41 (18) 95 (17) 215 (10) - -
at 6 months

@ Springer
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Table 2 (continued)

Individual study populations

Modelling population totals

BEEP KAPS STEMS SWAP

STarT MSK-
pilot

STarT MSK-  6m absence 12m absence 6m presen-
MT teeism

Presentee- - - 4 (2-6) -
ism at 6
months,
median
(LQ-UQ)

Any absence — -
at 12
months

34(17)

3 (1-6)

98 (46) -

3 (1-6) 3(1-6) -

132 (32)

Numbers are n (%) unless otherwise stated

SD standard deviation, LQ-UQ lower quartile to upper quartile

— Indicates that data were not collected on this variable at this time point

“Number of days summarised only in those reporting that they had taken time off within the time frame

absence. Being female, having multisite MSDs, and being
in intermediate or manual job types reduced an individ-
ual’s odds of absence, while both higher baseline pain
intensity and higher baseline presenteeism increased the
odds of absence for each unit increase in score. All model
predictors and associated parameters are shown in Table 3.

Upon IECV validation, the model showed good calibra-
tion on average across all studies with a pooled calibration
slope of 0.93 (95% CI: 0.41-1.46, 2= 0.123), although
calibration performance did vary considerably across cycles
(see Table 4, and supplementary figures S4a and S5a). In
particular, poor calibration was seen when the model was
applied in the KAPS cohort study alone, with substantial

Table 3 Prognostic model

) ) Variable Any absence at 6 Presenteeism at 6 Any absence at 12
details (.coefﬁc.lents, constant months: coefficients  months: coefficients  months: coeffi-
terms with variance, and cients
shrinkage estimates) for models
to predict any absence over 6 Age* —0.016 —0.016 —0.005
months and 12 months, and
presenteeism at 6 months Female —0.307 —0.124 0.003

Multisite pain —0.141 —0.028 0.172
Baseline pain score* 0.127 0.198 0.101
Pain duration
< 3 months Reference Reference Reference
3-6 months 0.308 0.067 —0.76
7-12 months 0.008 0.186 —0.308
> 12 months 0.432 0.722 0.061
Job type
Professional/managerial Reference Reference Reference
Intermediate —0.015 0.212 0.534
Manual —0.315 0.387 0.452
Anxiety/depression 0.370 0.317 0.457
Comorbidity (yes/no) -0.024 0.424 -
Work absence in previous 6 months 1.465 0.252 -
Presenteeism at work™ 0.250 0.375 0.129
Constant** —3.493 0.309 —2.533
Random effect**, sd(constant) 0.794 0.118 0.613
Shrinkage 0.9464 0.9746 0.7832

# . .o, . . . . .
Coefficients refer to the effect for a one-unit increase in the variable e.g., per one-year increase in age

** Constant and random effects terms were re-estimated after adjustment for optimism to maintain overall

model calibration
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Table 4 Predictive performance of the 6 month absence and presen-
teeism models with average intercept in each IECV cycle: the exter-
nal validation performance in each study, for the cycle in which it

was excluded from model development, with pooled effect estimates
across studies, and apparent performance in the full data, without
accounting for clustering of data by study

Pooled External validation study in IECV: Apparent
estimate
performance in
across IECV STarT MSK- STarT MSK-
full data
cycles BEEP KAPS STEMS SWAP pilot MT
6m absence, N
2179 (215) 214 (17) 747 (25) 432 (47) 0(0) 232 (38) 554 (90) 2179 (215)
(events)
Calibration slope 0.93 (0.41to 1.20 (0.12 0.32 (0.00 1.14 (0.69 1.01 (0.66 1.20 (0.91 0.90 (0.76 to
(95%Cl) 1.46) t0 2.27) t0 0.64) to 1.59) to 1.35) to 1.49) 1.03)
0.123 (0.018
Tau? (95% Cl) - - - - - - -
t0 0.952)
0.03 (-1.37to 0.54 (0.02 -1.65(-2.11  -0.60 (-0.96 1.05 (0.64 0.82 (0.56 -0.06 (-0.22 to
CITL (95% Cl) =
1.44) t0 1.05) to-1.19) t0-0.24) t0 1.45) t0 1.08) 0.11)
1.23 (0.37 to
Tau? (95% CI) - - - - - - -
7.66)
0.93(0.33to 1.57 (1.50 0.25(0.25 0.64 (0.61 1.70 (1.64 1.60 (1.51 0.87 (0.85 to
O/E (95% ClI) -
2.60) t0 1.63) 0 0.26) t0 0.66) t0 1.76) t0 1.69) 0.88)
0.692 (0.224
Tau? (95% Cl) - - - = - - -
to 4.161)
0.76 (0.66 to 0.68 (0.54 0.62 (0.49 0.77 (0.69 0.82(0.75 0.82(0.77 0.79 (0.76 to
C-statistic (95% Cl) -
0.86) to 0.82) t0 0.75) t0 0.84) to 0.89) t0 0.87) 0.83)
0.004 (0.000
Tau? (95% Cl) - - - - - - -
to 0.004)
6m presenteeism, N 1218 0 0 432 0 232 554 1218
Calibration slope 1.00 (0.82 to 0.94 (0.80 1.00 (0.80 1.05 (0.93 1.02 (0.93 to
(95% CI) 1.19) to 1.08) to 1.19) to0 1.18) 1.10)
0.000 (0.000
Tau? (95% Cl) = = - - - - -
t0 0.075)
0.01(-0.70 to 0.20 (-0.01 0.15(-0.15  -0.29(-0.48 | 0.07 (-0.06 to
CITL (95% Cl) = = =
0.72) t00.42) t0 0.45) t0-0.11) 0.19)
0.067 (0.007
Tau? (95% Cl) = S - o - - -
to 1.356)
12m absence, N
408 (132) 0 0 195 (34) 213 (98) 0 0 408 (132)
(events)
Calibration slope 1.47 (0.82 1.15(0.67 1.36 (0.99 to
(95% CI) t02.12) to 1.63) 1.73)
Tau? (95% Cl) = = s - - = s -
-0.64 (-1.02 0.62 (0.34 0.12 (-0.10 to
CITL (95% Cl) = = = = o
t0 -0.26) t00.91) 0.33)
Tau? (95% Cl) - - - - - - - -
0.63 (0.60 1.40(1.31 1.073 (1.03 to
O/E (95% Cl) = = s = s
t0 0.67) t0 1.50) 1.12)
Tau? (95% Cl) - S - - - - S -
0.76 (0.67 0.70 (0.63 0.737 (0.69 to
C-statistic (95% Cl) - - - - -
0 0.85) t00.77) 0.79)

Tau? (95% Cl)

Grey boxes indicate studies that did not contribute to the analysis for that model

Numbers reported for the 12-month absence model are apparent model performance in study subgroups

6m 6-months, /2m 12 months, CI confidence interval, CITL calibration-in-the-large, O/E observed /expected ratio
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overestimation of absence risk, on average. The C-statistic
was more consistent across cycles, with a pooled value of
0.76 (95% CI: 0.66-0.86, 7>= 0.004) suggesting that the
model on average discriminated well between those who
went on to take any work absence and those who did not,
even where calibration was sub-optimal.

Predicting Presenteeism at Six Months

Taking account of other variables in the model, the strongest
association with 6-month presenteeism was having comor-
bidities and having a pain duration of more than 12 months
at consultation, with an increase in presenteeism score for
those with other health conditions and longer pain durations.

Calibration performance of the model was near-perfect
on average, with a pooled calibration slope of 1.00 (95% CI:
0.82-1.19, 72 < 0.001) and pooled CITL of 0.01 (96%CI:
—0.70 to 0.72, v2= 0.067) across studies. Although calibra-
tion was very good on average, on the individual level pre-
dicted presenteeism scores can be seen to vary substantially
from observed outcomes (see Fig. 1 and supplementary fig-
ures S1b and S5a), meaning predictions for individuals may
be unreliable.

Predicting Work Absence at 12 Months

Given only two studies contributed to the analyses regard-
ing 12-month absence, the IECV approach was deemed

inappropriate and so only apparent performance of this
model was assessed. The model can be seen to be under-
fit to the data, a consequence of shrinkage due to the sub-
stantial estimate of overfitting in the initial model (heuristic
shrinkage =0.7832). Despite miscalibration in the full data
and in subgroups, the model’s discrimination performance
was adequate, with estimates of 0.76 (95% CI: 0.67-0.85)
and 0.70 (95% CI: 0.63-0.77) in the STEMS and SWAP
subgroups respectively (see Table 1 for study descriptions).
After adjusting for this overfitting, the model showed reason-
able discrimination across both studies, with a C-statistic of
0.737 (95% CI: 0.69-0.79).

Discussion
Summary of Main Findings

We have developed and validated prediction models, based
on a combination of a patient’s demographic details, health
status and job-type, to estimate an individual’s risk of any
work absence over 6 and 12 months, and their expected
level of presenteeism over 6 months, following consulta-
tion in primary care for MSDs. A total of 10 predictor var-
iables were included for predictions of 6-month absence
and 6-month presenteeism, including patient demograph-
ics (age, sex, occupational class [(i) managerial/admin-
istrative/professional; (ii) intermediate; (iii) routine and

Fig. 1 Calibration plots for
models to predict six-month

6 months

12 months

absence, six-month presentee-
ism, and 12-month absence.
Each plot shows the perfor-
mance of the final shrunken
model, when applied across

all studies combined (without
accounting for clustering of data
by study)
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manual]), pain features (multisite or single site pain, pain
intensity at baseline, pain duration), comorbidities (anxi-
ety/depression, any other comorbidity), work absence in
previous six months and current performance at work.
For prediction of 12-month absence, predictors regarding
previous absence and comorbidities were not consistently
recorded across studies, leaving just eight available predic-
tors. The 6-month absence and presenteeism models may
be implemented during a consultation with a primary care
clinician, to help inform targeted interventions designed
to reduce the impact of MSDs on work absence and pro-
ductivity. However, the 12-month absence model would
need further work to be able to confidently inform clinical
practice, due to the limited data available for its derivation
and resulting miscalibration on validation.

On IECV, the 6-month absence model was well cali-
brated on average, with a pooled calibration slope of 0.93
(95% CI: 0.41-1.46, v>= 0.123) and a CITL of 0.03 (95%
CI: (—1.37 to 1.44), r>= 1.23), although substantial heter-
ogeneity in calibration performance was seen across stud-
ies. In particular, considerable overestimation of absence
risk was seen when the model was applied in the KAPS
study alone. This is possibly due to the lower prevalence
of 6-month absence in the KAPS population, with only 3%
(21 individuals) with an absence over 6 months following
consultation. The model’s discrimination performance was
more consistent, however, with a pooled C-statistic of 0.76
(95% CI: 0.66—0.86, 7%= 0.004). The results across IECV
cycles suggest the model can separate well between those
who went on to take work absence and those who did not
across populations, despite some variation in model cali-
bration (see Figure S2a).

Calibration performance of the model to predict con-
tinuous presenteeism at six months was good on average,
with a pooled calibration slope and pooled CITL of 1.00
(95% CI: 0.82-1.19, 72 < 0.001) and 0.01 (96%CIL: —0.70
to 0.72, 2= 0.067) respectively. While this model pre-
dicted well on average, across the whole population, it is
worth noting that there was still considerable variation
evident between the predicted and observed presenteeism
scores on the individual level.

Full IECV was not possible for the 12-month absence
model, as only two studies were available with the out-
come measured at this time point. On internal validation,
the model showed a large amount of overfitting to the
model development data (heuristic shrinkage =0.7832).
After adjusting for this overfitting, the model showed rea-
sonable discrimination across both studies, with a C-statis-
tic of 0.737 (95% CI: 0.69-0.79), although it was miscali-
brated at the extremes, with evidence of underestimation
of risk in those at higher risks.

@ Springer

Strengths and Limitations of this Work

An important strength of this study was the sample size
available for development of most models. For the primary
objective (to model any work absence over 6 months of
follow-up), the model development sample was sufficiently
large to meet current minimum sample size recommenda-
tions [30], while incorporating the desired clinically impor-
tant predictors, identified through the literature (PROSPERO
CRD42020219452) and through expert clinical opinion.
Similarly, there was more than enough data to meet the
recommendations for the secondary analysis of modelling
presenteeism at six months, while including all chosen pre-
dictors [31].

Unfortunately, insufficient data were present in the avail-
able studies to meet the recommended minimum sample size
for the development of a model to predict 12-month absence.
These results should be viewed with caution with further
external validation, as it is possible the model would not
perform well in new individuals.

Model development for all outcomes involved using
mixed populations through multiple studies, all with similar
recruitment regions and inclusion criteria, methodologies
included one cohort study, RCTs and cluster RCTs which
means the influence of treatments should be minimised due
to randomisation (see Tables 1 and 2 for study descriptions).
The generalisability of RCT populations can be limited,
however the trials included in this analysis all used broad
inclusion criteria meaning the design is unlikely to greatly
affect generalisability of the models. This meant that we
were able to test model generalisability across similar popu-
lations through use of IECV, whilst still allowing maximum
data to be used for model development. Although model
generalisability has been tested there was variability in cali-
bration, further external validation in populations of differ-
ent compositions e.g., different healthcare settings, or those
with specific MSDs will be important, to provide informa-
tion regarding the model’s transportability.

One further limitation to generalisability is that the popu-
lations included in these studies contained disproportion-
ately high numbers of people in the higher socioeconomic
status banding, compared to the population in North Staf-
fordshire where the studies were based. Thus, it is possible
that the models may not perform as well in those with a
lower socioeconomic status, as they were underrepresented
at model development.

While there are strengths in terms of participant num-
bers, there were some drawbacks to having developed these
models across multiple previous studies, primarily that we
were restricted to the use of predictors that were consistently
collected. While some important predictors were able to be
accommodated through multiple imputation of systemati-
cally missing information [32, 33], it is possible that some
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important and strong predictors of work outcomes may have
been omitted from model development due to them not hav-
ing been collected or recorded consistently across enough of
the included studies. For example, for the model predicting
12-month work absence, previous work absences were not
recorded at consistent time-points across the studies used
for model development and so this predictor could not be
included, despite being the strongest predictor of absence
within 6 months.

All predictors included in these models were self-report
measures, but omit any information arising from the objec-
tive patient assessment. This decision was made due to a
lack of a standardised assessment items for patients con-
sulting in primary care with MSD, and the availability of
self-report items being more consistent across our model
development studies. In practice, primary care clinicians
assess MSD patients in varied ways and our use of self-
report predictors could enable consistent application of mod-
els, despite wide variation in objective assessments. Indeed,
previous work suggests that clinical examination and imag-
ing results add little to predictions in patients with low back
pain, over predictors such as age, pain features, or depres-
sion, all of which we included in our models [42, 43]. Pre-
dictor variables were reported 1-4 weeks after consultation
due to recruitment methods. While the values of many of the
included predictors would not be expected to vary over short
periods of time, some (e.g., current pain intensity) would.
It is recommended that prognostic variables are collected
at consultation as this is the point at which decisions about
interventions are most commonly made, therefore testing
these models at the point of consultation is a key next step
to assess their usefulness in practice and to guide timing of
their use [44, 45].

Regarding the prediction of 12-month absence, model
development was conducted in the limited population of
patients who reported they were still working one year after
consultation; thus, predictions can only be assumed to apply
to an individual if they were to still be in work at that time.
While ensuring the population was clearly defined, this
restriction resulted in our model missing those who were
no longer working but had nevertheless taken an absence
during the 12-month period where they had still been at
work. This omits the higher risk, and arguably more relevant
population, of people who stop work within the year due to
their MSD.

Comparison with Previous Literature

Predicting work absence in patients with MSD is challeng-
ing, with other studies in this field finding that there are
many and varied predictors, often with inconsistent meas-
urement of predictor variables between studies [46—48]. A
number of models have been developed that also predict

work outcomes, the most commonly used is the Orebro
Musculoskeletal Pain Questionnaire [21, 49, 50]. The full
version of this questionnaire contains 25 questions (of which
21 are scored) and it has good predictive ability with a sen-
sitivity of 89% and specificity of 65% for absenteeism. The
short-form version of the Orebro questionnaire includes 10
questions and has been demonstrated to be useful as an early
screening tool in primary care with a sensitivity of 0.75 and
specificity of 0.78 [22]. We were unfortunately unable to
validate either form of the Orebro questionnaire in our popu-
lations, as necessary predictor items had not been measured,
thus we were unable to directly compare the performance of
our new models with that of Orebro.

Whilst there are some similarities in the measures
included in Orebro (e.g. pain intensity, anxiety/depression),
there are also some differences in particular the populations
in which each model was developed, with Orebro devel-
oped in a population with back pain only. Whilst the Orebro
has been used in patients with other regional pain symp-
toms, specifically neck and shoulder pain, its predictive
ability with broader MSDs and multisite pain is not clear.
Other models also demonstrate reasonable predictive abil-
ity but again these are lengthy and do not always include
previous work absence [20, 51, 52]. Furthermore, none of
these models predict presenteeism, which may have a big-
ger impact on work than absenteeism [23]. However, in line
with our findings, other research has consistently identified
previous sickness absence as being strongly associated with
future absence, indicating that this variable is an important
predictor of future work absence [51, 53-56]. The Orebro
questionnaires do not include previous work absence but do
include a measure of “work expectation” in 3 months, and
various measures of self-perceived/rated work ability have
been demonstrated to predict absence over time [54].

Implications for Policy and Practice

By understanding which patients are at higher risk of work
absence, preventative consultations (or targeted vocational
advice and support interventions/referral to occupational
health services) may be put in place and support the appro-
priate use of scarce vocational resources [57]. Discrimina-
tion performance of our work absence models is consistent
with that of previous models to predict work absence in
more general populations [54, 58], with the benefit of being
tailored specifically to the MSD population. Identification of
patients at risk of work absence may be useful for targeting
work-focused interventions and occupational health strate-
gies, such models could be valuable when used as a part of a
wider assessment of patients with MSD to ensure appropri-
ate support is offered.

To our knowledge this is the first time presenteeism has
been predicted, it is more commonly included as a predictor

@ Springer



Journal of Occupational Rehabilitation

variable in prognostic models of absence [59] or has been
predicted using a very narrow prognostic model focusing
on one concept rather than including a wider range of prog-
nostic factors [60]. Predicting presenteeism may be useful
to identify those patients who are likely to struggle with
their MSD at work, allowing the patient and clinician to plan
mitigation strategies to decrease presenteeism, for example
ensuring appropriate support networks are in place, consid-
eration of frequency and timing of breaks or planning work
tasks to better manage pain.

Future research should focus on a comparison between
our model and the Orebro questionnaires in addition to fur-
ther validation of the 6-month absence and presenteeism
models with other MSD populations in other settings, to
ensure the models sufficiently and accurately predict work
absence and performance across settings. Additionally, these
models would need to be tested in clinical practice to explore
their usability and feasibility in the practice setting, prior to
considering wider implementation. The impact of the pro-
posed models could then be considered in terms of potential
for targeting interventions, and effects on patient and cost
outcomes.

Conclusion

The developed models predict 6-month work absence risk
and presenteeism score with sufficient accuracy, on average,
in adults consulting with MSD. This information could be
useful to help support shared decision-making and to target
occupational health interventions at those who are at risk
of work absence over 6 months. Further validation of these
models is needed in other populations, to confirm predic-
tive performance, additionally testing in clinical practice to
explore usability and feasibility is required before their use
can be recommended or their impact for patient care can be
fully assessed.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s10926-024-10223-w.
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