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A B S T R A C T

Objective: It is difficult for health care providers to diagnose structural spinal osteoarthritis (OA), because current
guidelines recommend against imaging in patients with back pain. Therefore, the aim of this study was to develop
and internally validate multivariable diagnostic prediction models based on a set of clinical and demographic
features to be used for the diagnosis of structural spinal OA on lumbar radiographs in older patients with back
pain.
Design: Three diagnostic prediction models, for structural spinal OA on lumbar radiographs (i.e. multilevel
osteophytes, multilevel disc space narrowing (DSN), and both combined), were developed and internally vali-
dated in the ‘Back Complaints in Older Adults’ (BACE) cohort (N ¼ 669). Model performance (i.e. overall per-
formance, discrimination and calibration) and clinical utility (i.e. decision curve analysis) were assessed. Internal
validation was performed by bootstrapping.
Results: Mean age of the cohort was 66.9 years (�7.6 years) and 59% were female. All three models included age,
gender, back pain duration and duration of spinal morning stiffness as predictors. The combined model addi-
tionally included restricted lateral flexion and spinal morning stiffness severity, and exhibited the best model
performance (optimism adjusted c-statistic 0.661; good calibration with intercept �0.030 and slope of 0.886) and
acceptable clinical utility. The other models showed suboptimal discrimination, good calibration and acceptable
decision curves.
Conclusion: All three models for structural spinal OA displayed lesuboptimal discrimination and need improve-
ment. However, these internally validated models have potential to inform primary care clinicians about a patient
with risk of having structural spinal OA on lumbar radiographs. External validation before implementation in
clinical care is recommended.
1. Introduction

Low back pain (LBP) is a very common condition with a large burden
on society and health care systems [1]. Over 619 million people (95% CI
[554–694 million]) are affected worldwide and this number is expected
to increase further to 843 million of prevalent cases by 2050 [2]. The
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majority of patients (~80–90%) with LBP are labelled as having
nonspecific LBP, usually diagnosed by excluding specific underlying
conditions, such as spinal fractures or malignancies [3]. However, within
the large group of patients with nonspecific LBP, there may be distinct
diagnostic subgroups of patients with similar characteristics, that may
benefit from a separate, more accurate, diagnosis, and have a different
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prognostic course as compared to the majority of patients with nonspe-
cific LBP. One of these diagnostic subgroups may be represented by pa-
tients with symptomatic spinal osteoarthritis (OA) [4,5].

Until now, there are no agreed diagnostic criteria for spinal OA,
making it difficult to diagnose and to further study this condition. It is
unclear when and how nonspecific LBP may be reflective of symptomatic
spinal OA. Nevertheless, some research has been undertaken to reach
consensus on definitions of spinal OA. This includes a Delphi study,
seeking consensus among experts on statements regarding symptomatic
and structural spinal OA [6]. Consensus was reached on spinal pain
duration, spinal pain intensity, self-reported spinal morning stiffness and
back-related physical function limitations as clinical features to be
considered in a symptomatic definition of spinal OA. Subsequently, a
systematic review looked into the associations between the clinical fea-
tures on which consensus was reached and imaging findings suggestive of
structural spinal OA [7]. In that systematic review high-quality evidence
(GRADE-approach) was found for various associations, with small to
moderate magnitudes. These included an association between LBP in-
tensity and disc space narrowing (on lumbar spine radiographs), and the
duration of self-reported spinal morning stiffness and disc space nar-
rowing on lumbar radiographs. However, most associations between
clinical features and structural findings of spinal OA were based on very
low- to moderate-quality evidence, meaning that further high-quality
research is needed on these associations [7].

Current clinical practice guidelines recommend to not offer routine
imaging to patients with nonspecific LBP [8], meaning that clinicians in
daily practice cannot rely on imaging to diagnose spinal OA. One manner
for clinicians to identify patients with the presence of structural spinal
OA without using imaging is by using valid multivariable diagnostic
prediction models that helps them to identify patients with spinal com-
plaints at risk of having spinal osteoarthritis. A multivariable diagnostic
prediction model aims to provide an individual with a risk of presence of
a disease [9]. This helps to inform patients and health care professionals,
aids medical decision making and improves health outcomes. In the field
of spinal pain, there is already a series of diagnostic prediction models
developed to aid early detection of disc degeneration [10], to enable
automatic evaluation of disc degeneration on imaging [11], or to predict
progression of (lumbar) disc degeneration on MRI [12]. However, none
of these models attempted to identify symptomatic spinal OA on lumbar
radiographs, taking into account expert-agreed clinical features, such as
spinal morning stiffness or back pain- related physical function limita-
tion, without the use of imaging. Therefore, our objective is to explore
which of the aforementioned clinical features (i.e. back pain intensity,
back pain duration, self-reported spinal morning stiffness, back pain
related physical function limitation and limited or painful range of mo-
tion) as well as some demographic features (i.e. age, sex, body mass
index, number of comorbidities and education level) are strongly related
to spinal OA structural features on radiographs such as multilevel disc
space narrowing and the presence of multilevel osteophytes. Hence, the
aim of this study was to develop and internally validate multivariable
diagnostic prediction models based on a set of clinical and demographic
features to be used for the diagnosis of structural spinal OA on lumbar
radiographs in older patients with back pain. For this study we chose to
focus on older adults with back pain, since this is also the population who
has a high probability of having spinal OA and there is limited research
looking into this group of patients.

2. Methods

A research protocol was drawn up in advance and registered in Open
Science Framework (https://osf.io/uc7sm/?view_only¼ce85c93a91d648
749bb938beb696a103). The Transparent Reporting of a multivariable
prediction model for Individual Prognosis Or Diagnosis (TRIPOD) state-
ment reporting guidelines were used for the reporting of this study [13],
see Appendix A.
2

2.1. Development sample

For the development and internal validation of the diagnostic pre-
diction models, we used the baseline data from the “Back Complaints in
Older Adults” (BACE) cohort, a prospective cohort which recruited par-
ticipants from 2009 up to 2011 in the Netherlands [14,15]. Patients over
55 years of age who consulted their general practitioner (GP) with a new
episode of back complaints were included. Patients should not have had a
previous episode of back pain in the preceding six months. The exclusion
criteria were: patients who were unable to fill in the questionnaires as a
result of language problems or a cognitive disorder, and patients unable
to undergo a physical examination (e.g. wheelchair-bound patients).
Patient characteristics, demographic and back complaint features, as well
as information on comorbidities and physical function limitations, were
collected using questionnaires, and participants underwent physical ex-
amination and lumbar spine radiographs at baseline. More information
on the BACE cohort and the characteristics of the included patients is
provided elsewhere [15]. Ethical approval for the BACE cohort was
received from the Medical Ethics Committee of the Erasmus Medical
Center in the Netherlands (NL24829.078.08).

2.2. Potential predictors

A selection of the most relevant candidate predictors, based on prior
literature and clinical expertise [6,7,15], was carried out for the devel-
opment of the diagnostic prediction models. The following candidate
predictors were evaluated through questionnaires: duration of the cur-
rent back pain episode in days, back pain intensity over the last week
measured with a 0–10 numeric rating scale (NRS; with 0 representing no
pain at all, and 10 the worst pain ever) [16], back-related physical
function limitation assessed with the 24-item Roland-Morris Disability
Questionnaire (RMDQ, where higher scores represent higher levels of
back pain-related disability) [17], self-reported duration of spinal
morning stiffness assessed using a 3-point Likert scale (i.e. none, �30
min, >30min), self-reported spinal morning stiffness severity assessed
with a 5-point Likert scale (i.e. none, mild, moderate, severe, extreme);
additionally, the following demographic characteristics were assessed:
age (in years), sex (assessed as male or female), body mass index (BMI,
kg/m2), number of comorbidities (more or less than three, including
cardiovascular disease, musculoskeletal disease, depression, malignancy,
gout or neurological disease), and education level (high, middle or low;
based on the International Standard Classification of Education (ISCED)
classification). The following included candidate predictors were
assessed during physical examination by a trained research assistant:
restricted lateral flexion (i.e. inability to bend sideways using the fin-
gertips and reach further than the knee while standing), restricted rota-
tion (asymmetry in rotation while sitting), restricted lumbar flexion
(measured as the finger-to-floor distance in centimeters) [18].

2.3. Outcomes of the diagnostic prediction models

The outcome predicted by the model was the presence or absence of
structural spinal OA on lateral lumbar spine radiographs. Since there are
no widely accepted criteria or a clinical reference standard to define
structural spinal OA, we used the definitions previously described by Van
den Berg et al. [18,19]. Structural spinal OA was defined as the presence
of multilevel disc space narrowing and/or osteophytes on lumbar ra-
diographs. The presence of osteophytes and disc space narrowing in the
lumbar region was scored using the grading system as described in the
Lane atlas, with 0¼ none, grade 1¼mild, grade 2¼moderate and grade
3 ¼ severe lumbar disc degeneration [20]. Multilevel disc space nar-
rowing was defined as grade �1 narrowing at 2 or more levels between
L1-2 and L5-S1, and multilevel osteophytes as grade �2 at 2 or more
levels [18]. The radiographs in the BACE cohort were assessed by two
independent observers, who were trained by an experienced
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musculoskeletal radiologist. They were blinded for the patient charac-
teristics. The interrater agreement was good for both osteophytes iden-
tification (kappa ¼ 0.65) and disc space narrowing (kappa ¼ 0.70) [18,
19].

Three separate models were developed, one predicting the risk for
multilevel osteophytes on lumbar radiographs, one for multilevel disc
space narrowing, and a combined model, predicting the risk for the
combination of multilevel disc space narrowing and osteophytes on
lumbar radiographs (as defined above). For the development of all three
models the same candidate predictors were used.
Table 1
Baseline characteristics in the Back Complaints in Older Adults (BACE) cohort (N
¼ 669).

General characteristics and demographics Missing (N, %)

Age (years), mean � SD 67.0 � 7.7 0 (0.0)
Sex, female N (%) 394 (59) 0 (0.0)
BMI, mean � SD 27.5 � 4.7 6 (0.9)
Education level, N (%) 1 (0.2)

Low 464 (68.6)
Middle 90 (13.3)
High 114 (16.9)

Number of comorbidities, N (%) 9 (1.3)
�3 comorbidities 296 (44.8)
>3 comorbidities 394 (55.2)

Clinical features
Duration of current back pain episode
(days), mean � SD

248 � 974 74 (11)

Back pain intensity (NRS, 0–10), mean 4.6 � 2.6 2 (0.3)
2.4. Statistical analysis

In line with methodological guidance to develop diagnostic prediction
models, multivariable logistic regression analyses were used and among
the a-priori selected literature and expert based predictors the most rele-
vant were selected by backward selection, based on a p-value of <0.05
[21]. Potential non-linearity of continuous predictors (i.e. pain duration,
pain intensity, BMI, age and lumbar flexion) was evaluated using restricted
cubic spline functions. Multicollinearity was checked with the use of a
correlation matrix, where a value of 0.80 or higher indicated a strong
correlation between predictor variables. We also calculated the Variance
Inflation Factor (VIF), with a cut-off value of 5 [22]. A sample size calcu-
lation was performed as described by Riley et al. [23] for the development
of prediction models (shrinkage 0.75, c-statistic 0.70). From this calcula-
tion, we estimated that a maximum of 27 candidate parameters could be
included in themodels. To ascertain the best-fitted andmost stable models,
the models were internally validated by use of bootstrapping, a resampling
method that helps to reduce overfitting and improve model accuracy. One
hundred bootstrap samples were created for the internal validation pro-
cedure. Missing data was evaluated in relation to observed data and as a
result multiple imputation on predictors as well as outcomes was per-
formed for the primary analyses [24]. Fifty imputed datasets were gener-
ated by use of the Multivariate Imputation by Chained Equations (MICE)
method [25]. Regression coefficients, standard errors and model perfor-
mance estimates were pooled using Rubin's Rules. Complete case analysis
was performed as a sensitivity analysis.
� SD
Duration of spinal morning stiffness, N
(%)

8 (1.2)

No morning stiffness 163 (24.7)
�30 min 338 (51.1)
>30 min 160 (24.2)

Severity of spinal morning stiffness, N
(%)

1 (0.2)

None 92 (13.8)
Mild 155 (23.2)
Moderate 229 (34.3)
Severe 147 (22)
Extreme 45 (6.7)

Physical functioning (RMDQ, 0–24),
mean � SD

9.9 � 5.8

Restricted spinal lateral flexion, N (%) 9 (1.3)
No 205 (31.1)
Yes 455 (68.9)

Restricted spinal rotation, N (%) 6 (0.9)
No 507 (76.5)
Yes 156 (23.5)

Lumbar flexion (FFD in cm), mean � SD 10.9 � 11.9 14 (2.1
Pain during spinal lateral flexion 418 (63.3) 9 (1.3)
Pain during spinal rotation 257 (38.7) 6 (0.9)
Pain during lumbar flexion 272 (42.2) 23 (3.7)

Outcomes
Multilevel osteophytes, N (%) 258 (40.9) 38 (5.7)
Multilevel disc space narrowing, N (%) 453 (71.7) 37 (5.5)
Combined (multilevel osteophytes& disc
space narrowing),

226 (35.8) 38 (5.7)

N (%)

NRS: Numeric Rating Scale; RMDQ: Roland-Morris Disability Questionnaire;
FFD: finger-to-floor distance.
2.5. Model performance

A diagnostic prediction model should be able to distinguish diseased
from non-diseased individuals correctly (discrimination), and, at the
same time, it should produce predicted probabilities that are in line with
the actual outcome probabilities (calibration) [26]. Discrimination was
expressed as the C-statistic, comparable to the area under the
receiver-operating curve for a logistic model. The C-statistic represents
the chance that in two individuals, one with and one without the
outcome, the predicted outcome probability will be higher for the indi-
vidual with the outcome compared with the one without. A C-statistic of
�0.70 was considered satisfactory [27,28]. To assess the calibrating
potential of the models, we performed calibration-in-the-large and cali-
bration plots were constructed to visually display the agreement between
the predicted outcomes of the models and the observations in the data
[27]. Calibration was considered good if the slope-value was close to one
and intercept-value close to zero, and if the calibration plot visually
showed good calibration. Overall performance was expressed by the
Nagelkerke's R and the Brier score [27]. Clinical decision curve analysis
in complete cases was carried out to decide upon the use of the most
suitable model in practice by assessing the net benefit of the model at
different threshold probabilities for intervention [29], such as education
and lifestyle changes.

All analysis were conducted in SPSS version 26 and Rstudio
(pmsampsize [30], mice [25], rms [31], dcurves [32], and psfmi pack-
ages [33]).
3

2.6. Deviations from the protocol

Some changes were made from the registered protocol. We stated in
the protocol that we would develop a combined model, looking at
multilevel osteophytes and/ormultilevel disc space narrowing. However,
we adjusted this and we developed a combined model which predicted
the risk for multilevel osteophytes and disc space narrowing combined.
This choice was made, because on hindsight, it seemed more clinically
relevant to see what the added value of a combinedmodel was, compared
to a separate model predicting the risk for multilevel osteophytes and a
separate diagnostic predictionmodel for multilevel disc space narrowing.

3. Results

3.1. Model development

The BACE cohort included 669 older patients with back pain; mean
age was 66.9 years (�7.6 years) and 59% were female. Other population
characteristics are shown in Table 1.
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3.2. Missing values

Several baseline characteristics had more than 5%missing values and
a few up to 11% (Table 1). The outcome variables all displayed
approximately 6% missing values (Table 1). We chose to use 50 imputed
datasets and convergence plots of all imputed variables were constructed.
The convergence plots of all imputed variables showed no irregular
patterns, indicating healthy convergence and no multicollinearity be-
tween the variables (appendix B) [24].

3.3. Developed models

The combined model predicted the risk of having the outcomes
multilevel osteophytes and multilevel disc space narrowing based on the
following predictors: age, gender, back pain duration, restricted spinal
lateral flexion, duration of spinal morning stiffness and severity of spinal
morning stiffness (Table 2). The results show that, according to this
model, the higher the age (OR 1.05), being female (OR 1.79), having
longer back pain duration (OR 1.001), having restricted spinal lateral
Table 2
Multivariable diagnostic prediction models for structural spinal osteoarthritis outcom

Predictors Coefficients OR (95% CI) R2

*optimism-adjusted

Combined model* 0.125
*0.095Intercept �4.505

Age 0.044 1.046 (1.022–1.069)
Gender 0.580 1.785 (1.253–2.545)
Back pain duration 0.001 1.001 (1.000–1.003)
Restricted lateral
flexion

0.468 1.596 (1.064–2.394)

Spinal morning
stiffness �30min

�0.470 0.625 (0.350–1.115)

Spinal morning
stiffness >30min

0.357 1.429 (0.715–2.855)

Spinal morning
stiffness severity - mild

0.398 1.489 (0.755–2.935)

Spinal morning
stiffness severity -
moderate

0.881 2.413 (1.137–5.121)

Spinal morning
stiffness severity -
severe

0.489 1.630 (0.715–3.716)

Spinal morning
stiffness severity -
extreme

0.022 1.022 (0.358–2.912)

Osteophytes model* 0.105
*0.086Intercept �3.860

Age 0.046 1.047 (1.024–1.070)
Gender 0.757 2.131 (1.524–2.981)
Back pain duration 0.001 1.001 (1.000–1.003)
Spinal morning
stiffness �30min

�0.059 0.942 (0.630–1.410)

Spinal morning
stiffness >30min

0.658 1.931 (1.192–3.129)

Disc space narrowing model* 0.104
*0.087Intercept �4.592

Age 0.045 1.046 (1.023–1.069)
Gender 0.763 2.145 (1.529–3.009)
Back pain duration 0.001 1.001 (1.000–1.003)
Spinal morning
stiffness �30min

�0.046 0.955 (0.638–1.431)

Spinal morning
stiffness >30min

0.664 1.942 (1.202–3.139)

Back pain duration of current episode in days; age in years; gender: male/female; re
further than the knee while standing.
*Penalized combined model (with adjusted coefficients): �4.446 þ 0.038 � age þ 0.4
�0.405 � spinal morning stiffness duration �30 min þ 0.307 � spinal morning stiffne
spinal morning stiffness severity moderate þ 0.421 � spinal morning stiffness severi
*Penalized osteophytes model (with adjusted coefficients):�4.388þ 0.041� ageþ 0
duration �30 min þ 0.607 � spinal morning stiffness duration >30 min.
*Penalized disc space narrowing model (with adjusted coefficients):�4.318þ 0.042�
stiffness duration �30 min þ 0.621 � spinal morning stiffness duration >30 min.
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flexion (OR 1.60), having (self-reported) spinal morning stiffness for
longer than 30 min (OR 1.43) and having moderate (self-reported) spinal
morning stiffness severity (OR 2.41), the higher an individual's risk is for
the combined presence multilevel osteophytes and disc space narrowing
on lumbar radiographs.

The osteophytes model predicted the risk of multilevel osteophytes on
lumbar radiographs using age, gender, back pain duration and duration
of spinal morning stiffness as predictors. The multilevel disc space nar-
rowing model contained the same predictors as the multilevel osteo-
phytes model. Full information of the multivariable diagnostic prediction
models predicting multilevel osteophytes, and multilevel disc space
narrowing separately, are shown in Table 2.

3.4. Model performance

The model performance after internal validation of all three models is
shown in Table 2 and Fig. 1 (calibration). Overall, model performance
was similar for all three models. However, the combined model had the
best discriminative value (AUC of 0.682, 95% CI 0.637–0.723, optimism-
es in older adults with back pain (BACE cohort, N ¼ 669).

Brier Score *optimism-
adjusted

C-statistic (95% CI) Optimism-adjusted C-
statistic

0.092
*0.066

0.682 (0.637–0.723) 0.661

0.089
*0.062

0.663 (0.619–0.704) 0.651

0.078
*0.063

0.662 (0.618–0.703) 0.652

stricted lateral flexion: inability to bend sideways using the fingertips and reach

99 � gender þ 0.001 � back pain duration þ 0.403 � restricted lateral flexion þ
ss duration >30 min þ 0.343 � spinal morning stiffness severity mild þ 0.758 �
ty severe þ 0.019 � spinal morning stiffness severity extreme.
.761� genderþ 0.001 � back pain durationþ�0.021� spinal morning stiffness

ageþ 0.714� genderþ 0.001� back pain durationþ�0.043� spinal morning



Fig. 1. Calibration curves of the developed models. a. Combined model (multilevel osteophytes and dis space narrowing), b. Osteophytes model (multilevel osteo-
phytes), c. Disc space narrowing model (multilevel disc space narrowing). Calibration curves with intercept (0 is perfect) and calibration slope (1 is perfect).
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adjusted: 0.661) and a good calibration (slope of 0.886). The multilevel
osteophytes model and multilevel disc space narrowing model had
poorer discriminative values (optimism-adjusted AUC of 0.651 and
0.652, respectively), but showed good calibration (Fig. 1).

3.5. Decision curve analyses

Decision curves for all three models are shown in Fig. 2. The com-
bined model showed a gain in net benefit when that model was used,
compared to giving all patients an intervention, from a threshold prob-
ability of approximately 15% and above. Similar results were obtained
5

for the osteophytes model, but the disc space narrowing model showed
additional advantage from a threshold probability of approximately 50%.

3.6. Sensitivity analyses

Sensitivity analyses on complete cases (multilevel osteophytes,
multilevel disc space narrowing and combined models, n¼ 536, n¼ 537,
and n ¼ 536; respectively) showed comparable performance measure
values (see appendix B). The multilevel osteophytes and the combined
models derived in complete case data yielded the same or almost the
same predictors. In addition, the multilevel disc space narrowing model



Fig. 2. Decision curves of the developed models. a. Combined model (multilevel osteophytes and disc space narrowing), b. Osteophytes model (multilevel osteo-
phytes), c. Disc space narrowing model (multilevel disc space narrowing).
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in the complete cases contained additionally severity of spinal morning
stiffness and restricted lateral flexion as predictors.

4. Discussion

This study developed and internally validated multivariable diag-
nostic prediction models for the presence of structural spinal OA on
lumbar radiographs. The combined model (i.e. multilevel osteophytes
and disc space narrowing) included age, gender, back pain duration,
restricted spinal lateral flexion and spinal morning stiffness duration and
severity as predictors, exhibiting the best overall performance, discrim-
ination and calibration. However, the discriminative ability of this model
showed to be less than satisfactory (i.e. c-statistic <0.7), after adjusting
for optimism; calibration was good. The other two models displayed the
same trend, where calibration was good, but discrimination did not
exceed the threshold for acceptable discriminative ability. A possible
explanation is that the chosen candidate predictors may not be explan-
atory enough of structural spinal OA, leading to poor model performance
of models containing these predictors andwe have to look into other (sets
of) characteristics. These results indicate that these models need further
improvement, before external validation and implementation in clinical
practice.

4.1. Important results predictors and comparison to existing literature

A surprising outcome of this study is that, according to all developed
diagnostic prediction models, having spinal morning duration for longer
than 30 min gives an individual a higher risk of structural spinal OA, i.e.
having multilevel osteophytes and/or disc space narrowing, whereas
spinal morning stiffness shorter than 30 min gives a lower risk of struc-
tural spinal OA, compared to having no spinal morning stiffness. This
finding has been reported before in a study by van den Berg et al., looking
into the association between self-reported spinal morning stiffness and
lumbar disc degeneration in a different primary care cohort [34]. Pro-
longed spinal morning stiffness (>30 min) is typically associated with
inflammatory spondylarthropathies, such as axial spondyloarthritis [35],
whereas spinal morning stiffness duration of 30 min or less is usually
associated with OA [36–38].

A possible explanation for the fact we found that prolonged spinal
morning stiffness was associated with a higher risk of structural spinal
OA could be that spinal OA might have a longer or larger inflammatory
component than what has been assumed thus far. Another explanation
could lie in that the data on spinal morning stiffness duration in our study
was self-reported by participants and derived through a questionnaire,
which could have led to some degree of detection bias. However, there
are differences in the duration of morning stiffness related to OA when
looking at peripheral joints. For knee OA the criterion for morning
stiffness duration is indeed 30 min or less [39], whereas for hip OA this is
60 min or less [40] and for hand OA no duration of (morning) stiffness is
specified [41]. It is possible that the mere presence of morning stiffness is
more explanatory of OA than the duration of it, which could also be the
case in our study.

4.2. Model comparison to existing models in the literature

In existing literature there are many prediction models for LBP
[42–44], and for structural spinal OA [10–12,45]. Most of these models
predict the risk or prognosis for LBP outcomes, taking several de-
mographic, clinical and imaging features into account, or aim to improve
the diagnosis of structural spinal OA (on imaging) by enabling automatic
evaluation of disc degeneration on imaging. A promising new approach is
the use of deep machine learning algorithms to predict the risk of spinal
OA using patients’ medical information [10], but this is still in the early
phases. Clinical diagnostic prediction models predicting the risk for
structural spinal OA based on demographic and clinical features are
scarce. To our knowledge, there are no diagnostic prediction models for
7

structural spinal OA, that include the selected set of candidate predictors
(e.g. back pain duration, back pain intensity, duration and severity of
self-reported spinal morning stiffness, back pain related physical
disability and restricted range of motion) and the outcomes evaluated in
this study.

In comparison, prediction models for structural knee OA-features,
such as joint space narrowing and osteophytes, have shown similar re-
sults. Ramazanian et al. identified 26 prediction models for knee OA,
with mostly median samples sizes of less than one thousand. They report
poor to moderate model performance of the identified prediction models,
with an AUC range between 0.6 and 0.9 and of 0.6–0.8 when externally
validated [46]. Only 11 of the 26 included studies reported the calibra-
tion, mostly with a Hosmer and Lemeshow test (range p-values
0.19–0.90) [46]. Most of these models included similar demographic and
clinical predictors as our models, such as age, sex, BMI, pain and morning
stiffness.

4.3. Implications for practice and further research

Further research looking into other clinical features to be considered
as spinal OA predictors, e.g. biomarkers or genetic markers, is recom-
mended. Also, more research on the reliability and uniformmeasurement
of some of the candidate predictors, such as range of motion assessment,
or self-reported morning stiffness evaluation, is needed. This information
would benefit the field and could lead to more accurate (future) pre-
diction models, and ultimately aid health care providers in the care for
patients with spinal OA. Furthermore, different (combinations of) defi-
nitions of structural spinal OA (e.g. endplate changes) on various mo-
dalities (e.g. MRI) should be considered and further investigated to see
which definition is most suitable and accurate. Lastly, external validation
and updating of the developed models in different datasets is required,
before considering their use in clinical practice.

4.4. Strengths and limitations

This study has several strengths. Firstly, the predictors in the derived
models are easy to assess in clinical practice and the models can aid
health care professionals to identify patients with spinal complaints at
risk of having spinal osteoarthritis and, hopefully, improve clinical
management and health outcomes of these patients. Secondly, the
TRIPOD statement guidelines were followed and the study protocol was
made openly available prior to conduction of the study. Thirdly, the re-
sults of this study can be used a stepping stone in the process of devel-
oping diagnostic criteria for spinal OA.

However, there are also some limitations. Firstly, there are limitations
to how the included predictors are measured, due to varying definitions
and measuring instruments [47]. For example, there is no data on the
reliability of some of the candidate predictors, such as range of motion
assessment, or self-reported morning stiffness evaluation. Self-reported
severity or duration of clinical features, derived through question-
naires, could have led to (some degree of) detection bias. Nevertheless,
the measurement tools used in this study are appropriate for use in busy
clinical settings, such as general practice in the Netherlands. Secondly,
the outcome definitions that we used can be a limitation. We specified
the outcome predicted by the models to be multilevel osteophytes and/or
disc space narrowing on lateral lumbar radiographs, as there is a lack of
definition of structural spinal OA, due to lack of accepted criteria or
clinical reference standards to define structural spinal OA. Even though
these are widely used definitions of structural spinal OA [18,48], one
could differ that other degenerative features might be more declarative,
such as the presence of endplate changes or other structural features.
Furthermore, it needs to be mentioned that spinal OA imaging features
are also prevalent in patients without LBP, and the patients’ clinical
condition needs to be taken into account when interpreting these features
[49]. Thirdly, there is no methodology developed to pool decision curves
across multiply imputed datasets and therefore we applied the developed
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models in the observed data for the decision curve analysis. However, we
think that the results will be close to the imputed data, as the results of
the sensitivity analyses we performed in the observed data for the other
performance measures did not largely differ from the multiply imputed
data.

5. Conclusions

All three internally validated diagnostic prediction models for struc-
tural spinal OA on lumbar radiographs displayed suboptimal discrimi-
nation and need improvement, with the combined model (i.e. multilevel
osteophytes and disc space narrowing) exhibiting the best model per-
formance, compared to the other twomodels (i.e. multilevel osteophytes,
and multilevel disc space narrowing, separately). Although these models
need improvement, the models do have the potential to inform and aid
primary care clinicians about a patient's risk of having structural spinal
OA. However, external validation and updating is required before the
models can be implemented in clinical care.
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